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Abstract

Feasibility of Wildlife Detection 

Using UAV-derived Thermal and 

True-color Imagery

Seung Hyeon Lee

Dept. of Landscape Architecture

Graduate School of Environmental Studies

Seoul National University

For wildlife detection and monitoring, traditional methods such as 

direct observation and capture-recapture have been carried out for 

diverse purposes. However, these methods require a large amount 

of time, considerable expense, and field-skilled experts to obtain 

reliable results. Furthermore, performing a traditional field survey 

can result in dangerous situations, such as an encounter with wild 

animals. Remote monitoring methods, such as those based on 

camera trapping, GPS collars, and environmental DNA sampling, 

have been used more frequently, mostly replacing traditional survey 

methods, as the technologies have developed. But these methods 

still have limitations, such as the lack of ability to cover an entire 

region or detect individual targets.
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To overcome those limitations, the unmanned aerial vehicle (UAV) 

is becoming a popular tool for conducting a wildlife census. The 

main benefits of UAVs are able to detect animals remotely covering 

a wider region with clear and fine spatial and temporal resolutions. 

In addition, by operating UAVs investigate hard to access or 

dangerous areas become possible. However, besides these 

advantages, the limitations of UAVs clearly exist. By UAV operating 

environments such as study site, flying height or speed, the ability 

to detect small animals, targets in the dense forest, tracking 

fast-moving animals can be limited. And by the weather, operating 

UAV is unable, and the flight time is limited by the battery matters. 

Although detailed detection is unavailable, related researches are 

developing and previous studies used UAV to detect terrestrial and 

marine mammals, avian and reptile species.

The most common type of data acquired by UAVs is RGB images. 

Using these images, machine-learning and deep-learning (ML–DL) 

methods were mainly used for wildlife detection. ML–DL methods 

provide relatively accurate results, but at least 1,000 images are 

required to develop a proper detection model for specific species. 

Instead of RGB images, thermal images can be acquired by a UAV. 

The development of thermal sensor technology and sensor price 

reduction has attracted the interest of wildlife researchers. Using a 

thermal camera, homeothermic animals can be detected based on 

the temperature difference between their bodies and the 

surrounding environment. Although the technology and data are 
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new, the same ML–DL methods were typically used for animal 

detection. These ML-DL methods limit the use of UAVs for 

real-time wildlife detection in the field.

Therefore, this paper aims to develop an automated animal 

detection method with thermal and RGB image datasets and to 

utilize it under in situ conditions in real-time while ensuring the 

average-above detection ability of previous methods.

Keywords : Thermal Imagery, UAV, Wildlife Monitoring, Animal 

Detection, Detection Algorithm, Data Combination

Student Number : 2020-25580
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Chapter 1. Introduction

1.1 Research background

Animals make up a large portion of the ecosystem1), and they 

have been losing their habitats to urban development2) and 

deforestation. Unlike marine or avian animals, terrestrial animals are 

more closely associated with humans because we share living 

spaces. Therefore, it is important to create a sustainable 

environment for both animals and humans. Animals should be 

considered when establishing land development plans and 

environmental policies.

The Korean government has designated animal species that have 

unique biological or cultural values, animals at risk for extinction, or 

exotic animals whose native ecological environments are threatened 

for special management (legal management species). These animals 

have been named natural monuments, endangered species, and 

invasive alien species, respectively. Research into legal management 

species investigation and detection3)4) in Korea is being actively 

1) Naiman, R. J. Animal influences on ecosystem dynamics. BioScience,1988, 38(11), 

750-752

2) Ditchkoff, S. S., Saalfeld, S. T., & Gibson, C. J. Animal behavior in urban 

ecosystems: modifications due to human-induced stress. Urban ecosystems, 2006, 

9(1), 5-12

3) 김정호, 이상훈, 황기영, & 윤용한. Maxent 

모형을이용한멸종위기종사향노루서식지모델연구. 한국환경생태학회학술발표논문집, 

2020, 2020(1), 62-62

4) 김영채, 홍선희, 이창우, 김아름, 박희복, 박수곤, 김민한& 이도훈. 사향쥐(Ondrtra 

cuniculus) 의정착및서식지이용에관한연구. 환경생물, 2020, 38(1), 1-15
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pursued.

It is important to determine wildlife species distribution and territory 

range for animals that have diverse ecological value and affect the 

ecosystem and human life. For this task, many kinds of animal detection 

methods have been developed. For wildlife detection and monitoring, 

traditional methods such as direct observation5) and capture–recapture 

have been carried out for diverse purposes6). For instance, direct 

observation was used to find the relationship between the distribution of 

grass species and the movement of three kinds of livestock in a pasture7). 

Meanwhile, spatial capture–recapture modeling was evaluated in a plot 

with known animal species and densities, and the practicality of this 

method was proven8). Even though these methods have been shown to be 

effective in wildlife distribution studies, they require a large amount of 

time, considerable expense, and field-skilled experts9)10) to obtain reliable 

5) Witmer, G. W. Wildlife population monitoring: some practical considerations. 

Wildlife Research, 2005, 32(3), 259-263

6) Caughley, G. Analysis of vertebrate populations. Analysis of vertebrate 

populations, 1977

7) Agreil, C., & Meuret, M. An improved method for quantifying intake rate and 

ingestive behaviour of ruminants in diverse and variable habitats using direct 

observation. Small Ruminant Research, 2004, 54(1-2), 99-113

8) Gerber, B. D., & Parmenter, R. R. Spatial capture–recapture model performance 

with known small‐mammal densities. Ecological Applications, 2015, 25(3), 695-705.

9) Kellenberger, B., Volpi, M., & Tuia, D. Fast animal detection in UAV images 

using convolutional neural networks. 2017 IEEE International Geoscience and 

Remote Sensing Symposium IGARSS, 2017, 866-869

10) Pollock, K. H., Nichols, J. D., Simons, T. R., Farnsworth, G. L., Bailey, L. L., & 

Sauer, J. R. Large scale wildlife monitoring studies: statistical methods for design 

and analysis. Environmetrics: The official journal of the International 

Environmetrics Society, 2002, 13(2), 105-119
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results. Furthermore, performing a traditional field survey can result in 

dangerous situations, such as an encounter with wild animals. Remote 

monitoring methods, such as those based on camera trapping11), GPS 

collars12), and environmental DNA sampling13), have been used more 

frequently, mostly replacing traditional survey methods, as the 

technologies have developed. Camera-trapping methods can track the life 

cycle of animals at the nest level without being intrusive14). Camera 

networks can be created by installing multiple cameras, and high-quality 

data can be acquired across the region of interest15). Also, GPS collars can 

be used on diverse terrestrial mammal species in wide regions, but to 

deploy a GPS collar, the targets must first be captured, and the cost for 

the device and management is high16). In addition, an environmental DNA 

11) O'Connell, A. F., Nichols, J. D., & Karanth, K. U. Camera traps in animal 

ecology: methods and analyses. Springer Science & Business Media, 2010

12) Bowman, J. L., Kochanny, C. O., Demarais, S., & Leopold, B. D. Evaluation of 

a GPS collar for white-tailed deer. Wildlife Society Bulletin, 2000, 141-145

13) Bohmann, K., Evans, A., Gilbert, M. T. P., Carvalho, G. R., Creer, S., Knapp, 

M., Yu, DW., & De Bruyn, M. Environmental DNA for wildlife biology and 

biodiversity monitoring. Trends in ecology & evolution, 2014, 29(6), 358-367

14) Schneider, S., Taylor, G. W., & Kremer, S. Deep learning object detection 

methods for ecological camera trap data. In 2018 15th Conference on computer 

and robot vision (CRV), 2018

15) Hinke, J. T., Barbosa, A., Emmerson, L. M., Hart, T., Juáres, M. A., 

Korczak‐Abshire, M., Milinevsky, G., Santos, M., Trathan, P. N., Watters, G. M., & 

Southwell, C. Estimating nest‐level phenology and reproductive success of colonial 

seabirds using time‐lapse cameras. Methods in Ecology and Evolution, 2018, 9(8), 

1853-1863

16) Matthews, A., Ruykys, L., Ellis, B., FitzGibbon, S., Lunney, D., Crowther, M. S., 

Glen, A. S., Purcell, B., Moseby, K., Stott, J., Fletcher, D., Wimpenny, C., Allen, B. 

L., Bommel, L. V., Roberts, M., Davies, N., Green, K., Newsome, T., Ballard, G., 

Fleming, P., Dickman, C. R., Eberhart, A., Troy, S., McMahon, C., & Wiggins, N. 

The success of GPS collar deployments on mammals in Australia. Australian 
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sampling method can be used to determine animal distribution over wide 

regions without tracking, but this method has reliability issues, and the 

sample analysis is expensive17). The common limitations of these methods 

are the inability to cover an entire region18) or detect individual targets19).

As a means of overcoming such limitations, unmanned aerial 

vehicles (UAVs) are becoming popular for conducting wildlife 

censuses20). The main benefits of UAVs are that they can detect 

animals remotely, covering a wider region with fine spatiotemporal 

resolution21). In addition, UAVs can be used to investigate 

hard-to-access or dangerous areas22). However, UAVs have some 

limitations. The study site, and the UAV flying height and speed, 

Mammalogy, 2013, 35(1), 65-83

17) Coutant, O., Richard‐Hansen, C., de Thoisy, B., Decotte, J. B., Valentini, A., 

Dejean, T., Vigouroux, R., Murienne, J., & Brosse, S. Amazonian mammal 

monitoring using aquatic environmental DNA. Molecular Ecology Resources, 2021, 

21(6), 1875-1888

18) Burton, A. C., Neilson, E., Moreira, D., Ladle, A., Steenweg, R., Fisher, J. T., 

Bayne, T., & Boutin, S. Wildlife camera trapping: a review and recommendations 

for linking surveys to ecological processes. Journal of Applied Ecology, 2015, 52(3), 

675-685

19) Ford, A. T., Clevenger, A. P., & Bennett, A. Comparison of methods of 

monitoring wildlife crossing‐structures on highways. The Journal of Wildlife 

Management, 2009, 73(7), 1213-1222

20) Kellenberger, B., Marcos, D., & Tuia, D. Detecting mammals in UAV images: 

Best practices to address a substantially im-balanced dataset with deep learning. 

Remote sensing of environment, 2018, 216, 139-153

21) Candiago, S., Remondino, F., De Giglio, M., Dubbini, M., & Gattelli, M. 

Evaluating multispectral images and vegetation indices for precision farming 

applications from UAV images. Remote sensing, 2015, 7(4), 4026-4047

22) Bayram, H., Stefas, N., Engin, K. S., & Isler, V. Tracking wildlife with multiple 

UAVs: System design, safety and field experiments. In 2017 International symposium 

on multi-robot and multi-agent systems (MRS), 2017
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can limit the ability to detect small animals23) and targets in dense 

forest24) and to track fast moving animals25). The weather can also 

limit UAV operations26), and flight time is constrained by the batter

y27). Although detailed detection data using UAVs are somewhat 

lacking, some studies have used UAVs to detect terrestrial mammal

s28)29)30)31)32), marine mammals33), birds34), and reptiles35). Due to the 

23) Caughley, G. Bias in aerial survey. The Journal of Wildlife Management, 1974

24) Bartmann, R. M., Carpenter, L. H., Garrott, R. A., & Bowden, D. C. Accuracy 

of helicopter counts of mule deer in pinyon-juniper woodland. Wildlife Society 

Bulletin, 1986, 14(4), 356-363

25) MUTALIB, A. H. A., RUPPERT, N., AKMAR, S., KAMARUSZAMAN, F. F. J., & 

ROSELY, N. F. N. FEASIBILITY OF THERMAL IMAGING USING UNMANNED 

AERIAL VEHICLES TO DETECT BORNEAN ORANGUTANS. Journal of Sustainability 

Science and Management, 2019, 14(5), 182-194

26) Thibbotuwawa, A., Bocewicz, G., Radzki, G., Nielsen, P., & Banaszak, Z. UAV 

Mission planning resistant to weather uncertainty. Sensors, 2020, 20(2), 515

27) Cesare, K., Skeele, R., Yoo, S. H., Zhang, Y., & Hollinger, G. Multi-UAV 

exploration with limited communication and battery. In 2015 IEEE international 

conference on robotics and automation (ICRA), 2015

28) Kellenberger, B., Marcos, D., Lobry, S., & Tuia, D. Half a percent of labels is 

enough: Efficient animal detection in UAV imagery using deep CNNs and active 

learning. IEEE Transactions on Geoscience and Remote Sensing, 2019, 57(12), 

9524-9533

29) Barbedo, J. G. A., Koenigkan, L. V., Santos, P. M., & Ribeiro, A. R. B. 

Counting cattle in uav images—dealing with clus-tered animals and 

animal/background contrast changes. Sensors, 2020, 20(7), 2126

30) Barbedo, J. G. A., Koenigkan, L. V., Santos, T. T., & Santos, P. M. A study on 

the detection of cattle in UAV images using deep learning. Sensors, 2019, 19(24), 

5436

31) Rivas, A., Chamoso, P., González-Briones, A., & Corchado, J. M. Detection of 

cattle using drones and convolutional neural networks. Sensors, 2018, 18(7), 2048

32) Rey, N., Volpi, M., Joost, S., & Tuia, D. Detecting animals in African Savanna 

with UAVs and the crowds. Remote Sensing of Environment, 2017, 200, 341-351

33) Seymour, A. C., Dale, J., Hammill, M., Halpin, P. N., & Johnston, D. W. 

Automated detection and enumeration of marine wildlife using unmanned aircraft 
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size, power, and flight altitude of UAVs, noise may occur; however, 

one study found that the muffled engine noise did not appear to 

disturb any targeted wildlife species, even when the plane flew 

below 100 m36).

The most common type of data acquired by UAVs is RGB images. 

Using these images, manual counting—of elephant seals37) and 

Antarctic shag38), for example—provides the most accurate results. 

Automated detection studies mainly used machine-learning and 

deep-learning (ML-DL) methods for wildlife detection39). Cattle40)

41)42), wild animals in the savannah43), and various mammals44) have 

systems UAS and thermal imagery. Scientific reports, 2017, 7(1), 1-10

34) LEE, Won Young., PARK, Mijin., HYUN, Chang-Uk., Detection of two Arctic 

birds in Greenland and an endangered bird in Korea using RGB and thermal 

cameras with an unmanned aerial vehicle (UAV). PloS one, 2019, 14.9: e0222088

35) Bevan, E., Wibbels, T., Najera, B. M., Martinez, M. A., Martinez, L. A., 

Martinez, F. I., Cuevas, J. M., Anderson, T., Bonka, A., Hernandez, M. H., Pena, L. 

J & Burchfield, P. M. Unmanned aerial vehicles (UAVs) for monitoring sea turtles 

in near-shore waters. Marine Turtle Newsletter, 2015, 145(1), 19-22

36) IV, G. P. J., Pearlstine, L. G., & Percival, H. F. An assessment of small 

unmanned aerial vehicles for wildlife research. Wildlife society bulletin, 2006, 34(3), 

750-758

37) Fudala, K., & Bialik, R. J. Breeding Colony Dynamics of Southern Elephant 

Seals at Patelnia Point, King George Island, Antarctica. Remote Sensing, 2020, 12(

18), 2964

38) Pfeifer, C., Rümmler, M. C., & Mustafa, O. Assessing colonies of Antarctic 

shags by unmanned aerial vehicle (UAV) at South Shetland Islands, Antarctica. 

Antarctic Science, 2021, 33(2), 133-149

39) Same Reference As Above p. 5 (28)

40) Same Reference As Above p. 5 (29)

41) Same Reference As Above p. 5 (30)

42) Same Reference As Above p. 5 (31)

43) Same Reference As Above p. 5 (32)

44) Same Reference As Above p. 4 (20)
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been targets. The studies targeting cattle and other mammals used 

convolutional neural network deep-learning models, and the study 

that detected wild animals in the savannah used an exemplar 

support vector machine (ESVM) machine-learning model. ML-DL 

methods provide relatively accurate results, but at least 1000 images 

are required to develop a proper detection model for specific 

species45)46). Moreover, producing training data and training the 

model require a lot of time. To detect mammal species, one study47)

spent 4 days training the machine-learning model. Therefore, such 

ML-DL methods using big data cannot be used in the field for 

real-time acquisition. Furthermore, the detection models developed 

are fitted to training images, so they cannot detect different species 

or targets on different types of land cover.

Instead of RGB images, by changing the existing camera to a 

thermal camera or mounting an additional camera, thermal images 

can be acquired by a UAV. The development of the thermal sensor 

technology and reduction in sensor prices have attracted the 

interest of wildlife researchers48). Using a thermal camera, 

homeothermic animals can be detected based on the temperature 

difference between their bodies and the surrounding environment. 

45) Same Reference As Above p. 4 (20)

46) Same Reference As Above p. 5 (30)

47) Same Reference As Above p. 4 (20)

48) Kays, R., Sheppard, J., Mclean, K., Welch, C., Paunescu, C., Wang, V., Kravit, 

G., & Crofoot, M. Hot monkey, cold reality: surveying rainforest canopy mammals 

using drone-mounted thermal infrared sensors. International journal of remote 

sensing, 2019, 40(2), 407-419
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This new technology has already been used to detect animals such 

as hippopotami49), seals50), deer51) and cattle52). Furthermore, 

research on detecting marine mammals53) and avian species54) has 

been conducted. Additionally, the thermal sensor feature of 

detecting infrared radiation makes it possible to locate animals at 

night55) and camouflaged targets56). Although the technology and 

data are new, the same ML-DL methods are typically used for 

animal detection57). However, new methods, such as isoline creatio

n58) and using two images shot at different times to identify 

changes59), have been suggested. The former method improves the 

detection rate by considering the degree of growth and overlapping 

conditions, but it requires preprocessing for geo-referencing and 

image merging and clipping. The latter method, unlike other 

methods used for thermal sensing research, uses images shot at a 

49) Lhoest, S., Linchant, J., Quevauvillers, S., Vermeulen, C., & Lejeune, P. How 

many hippos HOMHIP: algorithm for auto-matic counts of animals with infra-red 

thermal imagery from UAV. International Archives of the Photogrammetry, Remote 

Sensing and Spatial Information Sciences, 2015

50) Same Reference As Above p. 6 (33)

51) Oishi, Y., Oguma, H., Tamura, A., Nakamura, R., & Matsunaga, T. Animal 

detection using thermal images and its required observation conditions. Remote 

Sensing, 2018, 10(7), 1050

52) Same Reference As Above p. 5 (31)

53) Same Reference As Above p. 6 (33)

54) Same Reference As Above p. 6 (34)

55) Same Reference As Above p. 4 (20)

56) Same Reference As Above p. 7 (48)

57) Hambrecht, L., Brown, R. P., Piel, A. K., & Wich, S. A. Detecting ‘poachers’ 

with drones: Factors influencing the probability of detection with TIR and RGB 

imaging in miombo woodlands, Tanzania. Biological conservation, 2019, 233, 109-117

58) Same Reference As Above p. 8 (49)

59) Same Reference As Above p. 8 (51)



- 9 -

height greater than 1 km, and this feature has the strength of 

being able to cover a very broad region. However, preprocessing is 

still needed. This data preprocessing limits the use of thermal 

cameras for real-time wildlife detection in the field60).

Another limitation of previous studies that used thermal cameras 

is that most only used thermal images for detection; however, some 

detection research targeting avian species61) and white-tailed deer62)

used thermal and RGB images simultaneously, which resulted in 

higher detectability than using thermal images alone. However, in 

these studies, an RGB camera and thermal camera were mounted 

together on the UAV. This method increases research costs and 

using the two types of datasets together mandates an additional 

preprocessing step and additional time to match their data 

properties.

60) Chabot, D. Systematic evaluation of a stock unmanned aerial vehicle (UAV) 

system for small-scale wildlife survey applications (Doctoral dissertation, McGill 

University), 2009

61) Same Reference As Above p. 6 (34)

62) CHRÉTIEN, Louis‐Philippe., THÉAU, Jérôme., MÉNARD, Patrick. Visible and 

thermal infrared remote sensing for the detection of white‐tailed deer using an 

unmanned aerial system. Wildlife Society Bulletin, 2016, 40(1), 181-191
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1.2 Research goals and objectives

This paper proposes a new method for detecting animals. There 

were three main goals to address the limitations of previous 

research. Additionally, there were three objectives.

1.2.1 Research goals

1.2.1.1 Reduce the animal detection time

The main limitation of previous animal detection methods is that 

they cannot not be applied in the field in real time. ML-DL-based 

methods need an enormous number of training images, and it takes 

a long time to train the detection model. Methods using thermal 

images require preprocessing to detect animals. To address these 

limitations, the proposed method can detect animals based on single 

images, and image preprocessing is simplified.

1.2.1.2 Enable detection in more environments

ML-DL-based methods are only suitable for certain species and 

land cover types or environments. To improve detection versatility, 

the proposed method considers target size and surface temperature 

when detecting animals. Theoretically, the method can be adapted 

to all homeothermic animals if the body size and surface 

temperature are known. Here, we focused on detecting mid-sized 

animals using alpaca as the target species.
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1.2.1.3 Use thermal and RGB images acquired from the same 

thermal camera

When a detection method needs both thermal and RGB images, 

separate thermal and RGB cameras are used. However, any thermal 

camera can save thermal and RGB images simultaneously, and the 

centroid is the same because the shooting time is the same. 

Therefore, by modifying the distortion caused by focal length, 

shooting area, and spatial resolution, thermal and RGB images can 

be used simultaneously for research without the requirement of two 

cameras63).

1.2.2 Research objectives

1.2.2.1 Investigation of harmful wild animal and invasive alien 

species

The emergence of harmful wild animals is threatening people and 

their livelihoods, especially crop harvests. Invasive alien species are 

the main cause of domestic ecosystem destruction. Investigating 

their emergence is important to save humans and native species. 

The result of this research can help to locate invasive species. 

63) López, A., Jurado, J. M., Ogayar, C. J., & Feito, F. R. A framework for 

registering UAV-based imagery for crop-tracking in Precision Agriculture. 

International Journal of Applied Earth Observation and Geoinformation, 2021, 97, 

102274
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1.2.2.2 Management of domesticated animals

The number of grazing animals and their status in wide grassland 

areas is managed by an automated method such as an ear tag. 

However, for instantaneous counts of the number of animals in a 

certain area or for finding missing animals, another method is 

needed. The method suggested in this study can easily count and 

find animals on wide grassland areas, regardless of time, thereby 

facilitating grazing animal management.

1.2.2.3 Further applications of the detection method

The suggested detection method can determine the size and 

temperature of detected animals. This feature can be used not only 

to detect animals but also to find people, especially in an 

emergency rescue situation. More generally, this detection method 

can be used to find a specific object with a certain size and 

surface temperature.



- 13 -

1.3 Theoretical background

1.3.1 Concept of the UAV

The term UAV represents all types of aerial vehicles that travel 

without a pilot. In this research, the term UAV was used to denote 

a quadcopter drone. This type of drone can be specified by its size, 

weight, flight method, and purpose.

The first quadcopter drone was invented in 1920 by Etienne 

Omnichen. Drones have mainly been developed for military 

purposes, which is still one of the main applications. However, due 

to reduced size and price, personal drones have become more 

popular. Quadcopter drones can take off vertically and explore a 

wide region at a user-set height. Drones can also acquire diverse 

types of data via special sensors, enabling high-quality field surveys 

to be conducted safely and quickly.

Researchers in the field of environmental monitoring have started 

using drones for research purposes, including animal detection. 

Remotely filming animals allows safe observation without distraction. 

However, the critical limitation of animal detection using drones is 

that small animals are occluded by trees or other obstacles.

1.3.2 Concept of the thermal camera

A thermal camera can measure the heat radiating off objects. Just 

as normal cameras create images by capturing visible light, a 

thermal camera captures infrared rays and creates an image that 
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indicates the surface temperature of objects.

Infrared light was discovered in 1800 by the British astronomer 

William Herschel. Infrared waves are part of the electromagnetic 

spectrum and have a longer wavelength than visible light. Humans 

cannot see infrared light with the naked eye, but the heat 

generated by infrared light can be felt. Thermal sensors within a 

thermal camera enable the creation of images that show surface 

heat.

The development of thermal cameras has been led by the 

military. In the early stages of thermal camera development, the 

resolution and range of the camera were limited. However, as the 

technology developed, the resolution improved and the size of the 

camera decreased. Today, thermal cameras are used in diverse 

fields such as medical, security, agricultural, industrial, and 

environmental monitoring. In particular, use of thermal cameras for 

animal detection and management is growing.

Thermal cameras have unique advantages, but the image 

resolution is dramatically lower than that of visible images. Thermal 

sensors need to be larger than visible sensors to capture a longer 

wavelength. This limitation is a critical disadvantage.

In recent research, RGB images have been used collaboratively 

with thermal images, and point cloud data acquired from LiDAR 

devices and multi or hyper-spectral images have been combined 

with thermal images. 
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Chapter 2. Methods

2.1 Study site

An animal farm (37.827° N, 127.882° E) in the middle of a 

natural forest in Hongcheon, Republic of Korea, was used as the 

study site for data collection (Figure 1). To determine the animal 

species and their locations, the UAV operated over the entire farm. 

Through this process, the distribution of land cover was also 

confirmed. The major species on the farm is Vicugna pacos (alpaca), 

so these animals were mainly used to develop the detection and 

analysis method. The farm also has a few Cervus nippon (sika 

deer), Struthio camelus (ostrich), and Camelus bactrianus (camel). 

The barns for each species are located on grassland or bare land. 

The area of the farm is approximately 12.02 ha, and the main 

cover type is forest (50%), followed by grassland (35%). The 

remaining contributors to land cover comprise artificial structures 

such as roads and buildings, and bare land. The minimum and 

maximum elevations on the farm are 450.56 and 512.00 m, 

respectively.
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Figure 1. study site

2.2 Data acquisition and preprocessing

2.2.1 Data acquisition

UAV flights were conducted using a MATRICE 210 UAV (DJI, 

Shenzhen, China), and the thermal camera was a FLIR ZENMUSE 

XT2 (DJI). The thermal camera has both an RGB sensor and a 

thermal sensor, and images are captured by both sensors at 

different resolutions. Each RGB image contains 4000 × 3000 pixels, 

and each thermal image contains 640 × 512 pixels. The spatial 

resolution of each RGB image at 25 m above the ground is 0.59 

cm/pixel, whereas the resolution of each thermal image is 2.24 

cm/pixel. Due to the increased focal length of the thermal sensor, 

each thermal image covers a narrower region64).

64) Heikkila, J., & Silven, O. Calibration procedure for short focal length 

off-the-shelf CCD cameras. In Proceedings of 13th International Conference on 

Pattern Recognition, 1996, 1, 166-170
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The data were acquired on 25 November 2020. In Korea, 

November is considered to fall within the winter season, and snow 

typically falls from the middle of November. Although snow cover 

provides advantages, in the sense that a lower land-surface 

temperature is beneficial in automated animal detection and 

photographs can show not only the animals but also their tracks, 

thereby improving detection rates65), a lack of adequate snow cover 

can inhibit animal detection, requiring the images to be filmed agai

n66). Therefore, the shooting date was selected to occur when the 

air and land surface temperatures were low and there was no snow 

cover. This decision maximized the temperature difference between 

the targets and land cover types and facilitated more accurate 

detection of animals. Furthermore, by shooting images around noon, 

the shadow size of individual targets was minimized, which reduced 

the possibility of error from shadows.

After a programmed drone flight over the entire study site, the 

drone was controlled manually to capture the locations of the main 

target animals (alpaca). After finding a spot, 26 images were 

acquired from heights of 25–275 m above the ground at 10-m 

intervals to aid the development of a method to be used under 

various circumstances. The body lengths of the main target animals 

65) Oishi, Y., & Matsunaga, T. Support system for surveying moving wild animals 

in the snow using aerial remote-sensing images. International journal of remote 

sensing, 2014, 35(4), 1374-1394

66) Kellie, K. A., Colson, K. E., & Reynolds, J. H. Challenges to Monitoring Moose 

in Alaska. Alaska Department of Fish and Game, Division of Wildlife Conservation, 

2019



- 18 -

range from 80 to 100 cm when fully grown, and they have various 

fur colors, including black, gray, white, dark brown, and light brown. 

Based on the UAV results, the targets were sorted into four 

categories according to their visible condition. The category 

“isolated” indicated that the target stood alone, not touching any 

other target or obstacle. “Bordering” meant that two targets were 

touching each other, and “overlapping” meant that the targets’ 

body parts were crossing each other’s. “Partial” indicated that 

the target was partly visible at the edge of the image (Figure 2).

Figure 2. Target shape categories: 

(a) isolated, (b) bordering, (c) overlapping, and (d) partial. 
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2.2.2 RGB lens distortion correction and clipping

As the outputs of the XT2 sensors have different pixel sizes, 

spatial resolutions, and coverage areas (Figure 3), they need to be 

modified to have the same properties. Furthermore, to acquire 

accurate results, temperature correction of the thermal images and 

masking of non-target regions are required. 

Due to the difference in focal length, the distortion in the images 

also differs67). The RGB sensor of XT2 has a focal length of 8 mm, 

but the thermal sensor has a focal length of 19 mm. When the 

focal length68) is shorter, the image is subject to barrel distortion 

compared with an image with longer focal length. Therefore, to use 

the thermal and RGB images together, we had to correct the 

distortion in the RGB images. Python and the OpenCV2 library69)

were used for this purpose. After correction, the corrected RGB 

images were clipped and rescaled to have the same coverage as the 

thermal images (Figure 4).

67) Třebický, V., Fialová, J., Kleisner, K., & Havlíček, J. Focal length affects 

depicted shape and perception of facial images. PLoS One, 2016, 11(2), e0149313

68) Neale, W. T., Hessel, D., & Terpstra, T. Photogrammetric measurement error 

associated with lens distortion. SAE Tech-nical Paper, 2011

69) Hongzhi, W., Meijing, L., & Liwei, Z. The distortion correction of large view 

wide-angle lens for image mosaic based on OpenCV. 2011 International Conference 

on Mechatronic Science, Electric Engineering and Computer (MEC), 2011, 1074-1077
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Figure 3. Representative outputs from the thermal sensor. The small 

image at the bottom-left is the thermal image (640 × 512 px), and the 

larger image is the RGB image (4000 × 3000 px). The coverage area 

of the thermal image is marked by the white rectangle in the RGB 

image. 
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Figure 4. Example of focal length distortion and correction. 

(a) Original RGB image (distorted), (b) corrected RGB image, (c) clipped 

RGB image, and (d) original thermal image. 

2.2.3 Thermal image correction by fur color

Although the body temperature of the target animals is the same 

across individuals, the surface temperature can differ because of 

the fur color. The surface temperatures of animals with brighter fur 

were lower70) because of higher reflectance71). Surface temperature 

differences can cause errors in the detection process and must be 

corrected for.

The pixel value of each RGB channel is needed to identify bright 

targets. Based on our measurements, we found that the surface 

temperature of white animals was approximately 25% lower than 

that of animals with darker fur. Therefore, the pixels of thermal 

images located at the same locations as white pixels from RGB 

images were adjusted to have higher values (Figure 5).

70) Synnefa, A., Santamouris, M., & Apostolakis, K. On the development, optical 

properties and thermal performance of cool colored coatings for the urban 

environment. Solar energy, 2007, 81(4), 488-497

71) Griffiths, S. R., Rowland, J. A., Briscoe, N. J., Lentini, P. E., Handasyde, K. A., 

Lumsden, L. F., & Robert, K. A. Surface re-flectance drives nest box temperature 

profiles and thermal suitability for target wildlife. PloS one, 2017, 12(5), e0176951
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Figure 5. Example of thermal image correction (fur color). (a) Original 

RGB image, (b) original thermal image, and (c) corrected thermal 

image.

2.2.4 Unnatural object removal

The principle of animal detection using thermal images is to 

locate spots where the temperature is different, because 

homeothermic animals always have the same body temperature and 

this consistency creates a temperature gap between animals and 

their surrounding environment. However, artificial structures, e.g., 

buildings and roads, have a higher surface temperature compared 

with animals or natural surfaces. Therefore, when these types of 

artificial land cover are included in a thermal image, numerous 

errors in animal detection occur72). To eliminate this error, artificial 

structures should be masked.

However, it is difficult to tell which parts of the image should be 

removed, since one of main purposes of this study was to develop a 

method that can be used for instant detection under in situ 

conditions, and pursuing this objective limited the time available to 

analyze images and locate artificial structures. Therefore, as an 

72) Same Reference As Above p. 8 (51)
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alternative to artificial cover detection, the unnatural color masking 

method was used. Fortunately, more than half of the artificial 

structures at the study site have unnatural colors, such as vivid red, 

vivid blue, and vivid orange (Figure 6). As when correcting the 

temperature for fur color, for this step, temperature values were 

removed according to pixel color. Many possible errors can be 

prevented by removing these high-temperature artificial structures.

Figure 6. Example of thermal image correction (unnatural). (a) Original 

RGB image, (b) original thermal image, and (c) corrected thermal 

image.
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2.3 Animal detection

2.3.1 Sobel edge creation and contour generation

Our method requires both thermal and RGB images but especially 

thermal images, as these contain more useful information.

The open-source programming language Python was used in the 

Google Colab73) environment to develop the proposed method. 

Google Colab, a cloud service based on Jupyter Notebooks, executes 

Python code using both CPU and GPU resources, thus enabling 

quantitative analysis on a scale that exceeds the limitations of 

personal computers. The main functions of the proposed method are 

Sobel edge creation74) and contour drawing. OpenCV2, an optimized 

computer vision library, was used for image processing.

The automated detection results obtained using the proposed 

method were categorized based on shooting height and target shape, 

i.e., isolated, bordering, overlapping, or partial.

Sobel edge creation refers to a method that finds edges simply. 

This gradient operator works vertically and horizontally75). When the 

difference in pixel value is larger, the Sobel edge has a higher 

value. By combining the vertical and horizontal Sobel edges, a 

73) Apolo-Apolo, O. E., Pérez-Ruiz, M., Martínez-Guanter, J., & Valente, J. A 

cloud-based environment for generating yield estimation maps from apple orchards 

using UAV imagery and a deep learning technique. Frontiers in plant science, 2020, 

11, 1086

74) Sobel, I. An Isotropic 3× 3 Gradient Operator, Machine Vision for 

Three–Dimensional Scenes. 1990

75) Russ, J. C., Matey, J. R., Mallinckrodt, A. J., & McKay, S. The image processing 

handbook. Computers in Physics, 1994, 8(2), 177-178
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biaxial Sobel edge can be made. This biaxial Sobel edge was used to 

draw the binary contours. After applying a threshold to the biaxial 

Sobel, the segmented image was used for contouring. At the same 

time as contours were drawn, the centroid point of each contour 

was marked on the images (Figure 7). The accuracy of the contours 

was high, but some were wrongly drawn around non-target objects, 

such as stones, wet soil, and artificial structures; therefore, to 

eliminate these false-positive results and obtain accurate results, the 

contours had to be sorted.

Figure 7. Example of Sobel edge detection and contour drawing. (a) 

Sobel x-axis outcome, (b) Sobel y-axis outcome, (c) Sobel biaxial 

outcome, (d) thresholded image, and (e) contoured image.
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2.3.2 Object detection and sorting

To eliminate wrongly drawn contours, size–temperature filtering 

was used. The mean body length of the target animal was 

approximately 0.9 m, and the top-view area was approximately 4500 

cm2. However, the body of the animal is fully covered with thick, 

curly fur, so its body heat is not shown clearly in the thermal 

image, making the animal look smaller than normal. Hence, the area 

filter was set to detect contours smaller than 3500 cm2 and larger 

than 100 cm2. The minimum criterion was set smaller than the 

common size of the target to find segmented body parts such as 

overlapping or partial targets. Additionally, the size of drawn 

contours can be small because of the animal’s body shape. 

Therefore, to obtain a high probability of animal detection, the area 

filter was set with a large range.

For contours sorted by the area filter, the centroid temperature 

filter was used again. The maximum and minimum body 

temperatures of the targets 25 m above the animal’s body were 

nearly 20 °C and 10 °C, respectively. Therefore, the filtering 

option was set to find contours warmer than 9 °C to ensure that 

every target was filtered. In addition, the temperature also changes 

with changes in shooting height. To minimize this error, we 

corrected the temperature by height. The shooting height and 

maximum temperature of the targets are linearly related (Figure 8). 

Temperature filtering was adapted using the equation shown in the 

image.
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The main target animal in this study was the alpaca. Therefore, 

size-temperature filtering was designed and adapted to this species. 

However, this object detection and sorting method can be adapted 

to target other species by changing the filter criteria.

Figure 8. Regression analysis of maximum temperature and shooting 

height.

As mentioned previously, six kinds of input images were used for 

the automated detection method (Figure 9). These input images 

were generated to enhance the detection ability, shorten the 

detection time, and determine which type of input image produces 

the most accurate detection performance. The six kinds of input 

images were corrected RGB images, original thermal images, thermal 

images corrected for fur color, thermal images with masked 

unnatural colors, corrected RGB images × original thermal images, 

and corrected RGB images × all correction-applied thermal images.
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Figure 9. Flowchart of the detection method for all image types.
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The thermal and RGB images were processed using contour and 

centroid generation, size–temperature filtering, a target counting 

process after Sobel edge creation, and image binarization. These 

images were combined after image binarization, and each combined 

image could be used to generate contours corresponding to those of 

the two kinds of images. Therefore, combined images allowed for a 

more accurate detection ability.
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Chapter 3. Results

The automated detection results obtained using the proposed 

method were categorized based on shooting height and target shape, 

i.e., isolated, bordering, overlapping, or partial. The detection recall, 

precision, and time were also analyzed.

The detection results were assessed based on the detection 

precision and detection recall rate (Figure 10). The detection 

precision was calculated as the number of real animals among the 

automatic detections divided by the total number of detections. The 

detection recall rate was the number of real animals among the 

automatic detections divided by the number of animals in the image. 

These two values have the same range, from 0 to 1, and higher 

values indicate higher detection ability.

Figure 10. Calculation of detection precision and recall rate.
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3.1 Number of counted objects

To compare the detection precision and detection recall rates of 

the six kinds of images, the number of targets in each image was 

counted manually (Figure 11), and targets were labeled according to 

their shape category (i.e., isolated, bordering, overlapping, or 

partial). The number of targets in each of the 26 individual original 

images was about 40. However, for every type of input image, the 

numbers of targets detected tended to decrease with increased 

shooting height. At shooting heights greater than 100 m, fewer than 

10 targets could be detected in each type of image, and at heights 

greater than 125 m, fewer than five targets could be detected.

Based on the results of manual and automatic counting, the 

detection precision and recall rate were evaluated. As the detection 

precision decreased dramatically above a height of 100 m, we 

focused on detection results at shooting heights lower than 100 m 

(Table 1). The total number of targets was 316, consisting of 56 

isolated targets, 243 bordering targets, 17 overlapping targets, and 

three partial targets. Of the 316 targets, 5 were ostriches.
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Figure 11. Detection results by height and type of input image.
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　 Isolated Borde
ring

Over-
Lapping

Partial Dete
cted

Error Total 
Count

Detect
ion 

Precisi
on

Detect
ion 

Recall

Manual 
count 56 243 17 3 316 　 　 　 　

Corrected
RGB only

17 95 0 4 116 9099 9215 0.013 0.367

Thermal 
only

32 120 0 0 152 40 192 0.792 0.481

Corrected 
for fur 
thermal

42 149 0 0 191 108 299 0.639 0.604

Unnatural 
color 

removal 
thermal

31 122 2 0 155 38 193 0.803 0.491

Corrected 
RGB + 
Thermal

28 168 2 1 199 795 994 0.2 0.63

Corrected 
RGB + 

Corrected 
thermal

34 183 3 1 221 54 275 0.804 0.699

Table 1. Total numbers of targets detected and the detection precision and recall rates (for 

images with a shooting height of less than 100 m)

3.2 Time costs of image types

When only RGB images were used for detection, the detection 

recall rate was 0.367, and the detection precision was 0.013. RGB 

images cannot be subjected to temperature filtering. Therefore, 

false-positive detection results such as soil, rocks, roofs, and roads 

could not be eliminated. This uncertainty in sorting led to the poor 

detection recall result.

When the input image contained thermal information, the 

detection precision and recall rate were higher. In particular, 

compared with the RGB-only detection results, the precision 

increased by at least 50-fold. The original thermal images and the 
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two types of corrected thermal images also produced similar 

precision results of approximately 0.8. However, detection recall 

increased by approximately 20% when images corrected for fur 

color and temperature were used. Moreover, there were two types 

of combined thermal and RGB images. The first type was created 

by multiplying a corrected RGB image with the original thermal 

image, and the second type was obtained by multiplying a corrected 

RGB image with the all-corrections-applied thermal image. The 

detection recall rate using these images exceeding 0.6, and the 

detection precisions were 0.200 and 0.804, respectively. When 

corrected thermal images were used, the detection precision was 

approximately four-fold higher.

Use of the six types of input images resulted in different 

detection times. To calculate the detection time of an individual 

image by image type, the total detection times of the 26 images 

shot for each height range were summed, and then the sum was 

divided by 26. After repeating this process 50 times, the average 

detection time was calculated (Table 2). Of the four processing 

methods used in Google Colab, parallel processing had the fastest 

detection time for all image input types. The image type associated 

with the fastest detection time was the thermal image with 

unnatural color removal, which was associated with a detection time 

of 0.033 s. The image type associated with the slowest detection 

time was the corrected RGB image × corrected thermal image 

combined image. This image type was associated with a detection 
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time that was three times slower than the fastest time. In general, 

when the input image had RGB channels, more detection time was 

required. This occurred because the detection method had to 

consider more channels and because the large numbers of errors 

associated with RGB images prolonged the true–false 

decision-making time of the method. Converting the detection time 

to frames per second (FPS), the input images including RGB 

channels were acquired at 9 FPS. The other input images were 

acquired at 25–30 FPS.

CPU and 
RAM

Intel(R) Xeon(R) CPU @ 2.20 GHz and 12.69 GB

Running 
Environment

Single CPU GPU Accelerated
(Tesla T4_16 GB)

GPU Accelerated
(Tesla P100_16 GB)

CPU Parallel 
Processing
(2 Cores)

Detection 
Time and 
Applicable 

FPS

Time 
(s)

FPS
Time 
(s)

FPS
Time 
(s)

FPS
Time 
(s)

FPS

Corrected 
RGB only

0.192 5 0.159 6 0.143 7 0.109 9

Thermal 
only

0.047 21 0.038 26 0.036 28 0.036 28

Corrected 
by fur color 0.063 16 0.051 20 0.047 21 0.04 25

Unnatural 
color 

removal
0.048 21 0.038 26 0.036 28 0.033 30

RGB + 
Thermal 0.194 5 0.151 7 0.146 7 0.109 9

RGB + 
Corrected 
thermal

0.197 5 0.158 6 0.145 7 0.111 9

Table 2. Time needed for detection by type of image under four kinds of processing environment.
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Chapter 4. Discussion

4.1 Reference comparison

For the detection of animals, detection precision and recall are 

fundamentally important. The 26 images shot at each height range 

were used to generate six kinds of input images. The same 

detection method was used for each of these input images, and it 

detected between one-third and two-thirds of the targets. When the 

input image had a thermal channel, the maximum detection 

precision increased approximately two-fold. Additionally, a detection 

recall rate of 0.699 was obtained when using the corrected RGB 

image and corrected thermal image together.

Previous studies have shown a diverse range of detection 

precision (Table 3). A method applied for hippopotamus detection 

performed best76). Studies of cattle77), monkeys78), and white-tailed 

deer detected between 60% and 70% of their targets. Fur seal79)

76) Same Reference As Above p. 8 (49)

77) Longmore, S. N., Collins, R. P., Pfeifer, S., Fox, S. E., Mulero-Pázmány, M., 

Bezombes, F., Goodwin, A., De Juan Ovelar, M., Knapen, J. H., Wich, S. A. 

Adapting astronomical source detection software to help detect animals in thermal 

images obtained by unmanned aerial systems. International Journal of Remote 

Sensing, 2017, 38.8-10: 2623-2638

78) Spaan, D., Burke, C., McAree, O., Aureli, F., Rangel-Rivera, C.E., 

Hutschenreiter, A., Longmore, S.N., McWhirter, P.R., Wich, S.A. Thermal infrared 

imaging from drones offers a major advance for spider monkey surveys. Drones, 

2019, 3.2: 34

79) GOODAY, Oliver Jordan, et al. An assessment of thermal-image acquisition with 

an unmanned aerial vehicle (UAV) for direct counts of coastal marine mammals 

ashore. Journal of Unmanned Vehicle Systems, 2018, 6.2: 100-108
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and human80) studies detected approximately 40% of their targets. 

Considering the differences in site environment, target size and 

shape, and thermal image shooting conditions, the detection method 

proposed here has above-average performance.

Among the previous studies, only the white-tailed deer study81)

provided detection precision and recall results. As was found here, 

the previous study found very large numbers of false-positive 

detection results when RGB images were used as input images. This 

previous study used unsupervised pixel-based and object-based 

methods. When the unsupervised pixel-based classification method 

was used with RGB images, the detection precision was 0.046; when 

the object-based method was used, it was 1.0. However, the 

detection recall of the two methods had the same value of 0.484. 

Thus, according to this result, the object-based method did not 

detect more targets compared with the unsupervised pixel-based 

method. However, the method proposed here increased both the 

detection recall rate and detection precision by using different kinds 

of input images.

The study sites of previous studies were bare land, wetland, urban 

park, and forest. In general, these sites have nothing between the 

drone and land surface to block animal visibility. The forest site had 

a few trees, but the images were acquired from spots where the 

surface was clearly visible. The site of this study also had a high 

80) Same Reference As Above p. 8 (57)

81) Same Reference As Above p. 9 (62)
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ratio of the forest of land surface; however, the main images were 

captured on bare land.

When using drones to detect animals, there should not be any 

obstacles between the drones and land. However, Korea is mainly 

covered with dense forests. Therefore, the use of this method is 

limited in Korea.
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Proposed 
Method

Chrétien, 
L.P., et al., 

201682)

Hambrecht, 
L., et al., 
201983)

Lhoest, S., et 
al., 201584)

Longmore, 
S.N., et al., 

201785)

Seymour, 
A.C., et al., 

201786)
Gooday, O.J., 
et al., 201887)

Oishi, Y., et 
al., 201888)

Spaan, D., et 
al., 201989)

Used Dataset UAV Derived RGB and Thermal Images UAV Derived Thermal Images

Site

location

Animal 
theme park, 
Hongcheon, 
Republic of 

Korea

Falardeau 
Wildlife 

Observation 
and 

Agricultural 
Interpretive 
Centre, 
Canada

Issa study 
site, 

Tanzania

Garamba 
National 
Park, 

Democratic 
Republic of 

Congo

Arrowe 
Brook Farm 
Wirral, UK

Hay Island & 
Saddle Island, 

Canada

Kaikoura, 
New Zealand

Nara Park, 
Japan

Los Arboles 
Tulum, 
Mexico

area (m2) 120,200 2215 - - 6500 160,000 - 5,510,000 40,000

numbers 1 1 24 4 1 2 3 1 3

Data 
Acquisition

Date 25 11 2020 06 11 2011 03 2017
09 2014, 05 

2015 14 07 2015
29 01 

2015~02 02
19 02 

2015~27 11 09 2015
10 06 
2018~23

Time 11:00~13:00 07:00~13:00 - - - 07:30, 19:00 07:00, 12:00, 
16:00

19:22~20:22 17:30~19:00

Altitude (m) 25~275 60 70, 100 39, 49, 
73, 91

80~120 - 50 1000, 1300 70

Target
name alpaca

white-tailed 
deer human hippopotamus cattle grey seal

New Zealand 
fur seal sika deer

spider 
monkey

body length 
(m) 0.8~1.0 1~1.9 0.3~0.5 3~5 2.4 1.0~2.5 1.0~2.5 1~1.9 0.7

Results 
(best or 
average)

Accuracy 0.804 0.65 0.41 0.86 0.7 0.75 0.43 0.753 0.65

Detection 
time (s) 0.033 - - - - - - - -

Table 3. Comparison of the proposed method with previous studies.

82) Same Reference As Above p. 9 (62)

83) Same Reference As Above p. 8 (57)

84) Same Reference As Above p. 8 (49)

85) Same Reference As Above p. 36 (77)

86) Same Reference As Above p. 6 (33)

87) Same Reference As Above p. 36 (79)

88) Same Reference As Above p. 8 (51)

89) Same Reference As Above p. 36 (78)
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4.2 Instant detection

Detection time is also a major factor in wildlife detection. To 

detect animals in real-time, detection time is a more important 

factor than detection precision or recall. The government of the 

United States limits the capture rate of thermal video equipment for 

export to 9 FPS, and most products have this capture rate90)

including the thermal camera used here. To apply our method to 9 

FPS videos, the detection time should be less than 0.12 s. The full 

frame rate is 30 FPS. To be able to detect animals in real-time, the 

detection time should be less than 0.034 s.

The methods of previous studies based on ML-DL are difficult to 

use in real-time, and the authors have discussed these limitations91). 

The studies listed in Table 3 did not provide detection times, and 

their methods require a preprocessing step so cannot be used in 

real-time. A study of koalas92) provided detection-time results. When 

shooting from altitudes of 20, 30, and 60 m, the detection times 

were 1.3, 1.6, and 2.1 s, respectively, but these times were 

insufficiently fast for real-time use.

90) Luo, R., Sener, O., & Savarese, S. Scene semantic reconstruction from 

egocentric rgb-d-thermal videos. 2017 International Conference on 3D Vision 3DV, 

2017, 593-602

91) Van, G., Camiel, R.V., Pascal M., Kitso, E., Lian, P.K., Serge, W. Nature 

conservation drones for automatic localization and counting of animals. In: 

European Conference on Computer Vision. Springer, Cham, 2014. p. 255-270

92) Gonzalez, L.F., Montes, G.A., Puig, E., Johnson, S., Mengersen, K., Gaston, K.J. 

Unmanned aerial vehicles (UAVs) and artificial intelligence revolutionizing wildlife 

monitoring and conservation. Sensors, 2016, 16.1: 97
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With parallel processing, the fastest detection time for a single 

input image using the method presented here was 0.033 s, and the 

slowest was 0.111 s. Converted to FPS, these times correspond to 30 

and 9 FPS, respectively. When the input image had only a thermal 

channel, the FPS range was 25–30; when the input image had RGB 

channels, the rate was 9 FPS. Thus, all input image types can be 

used to analyze exported thermal videos. Single thermal channel 

images can detect almost every frame during real-time shooting.

Furthermore, the sensor always shoots thermal and RGB images 

simultaneously, so both types of input image can be used according 

to preference. The best way to use the method developed here is 

to check for the presence of wildlife in a thermal image with 

unnatural colors removed. For the frames with a confirmed 

presence of wildlife, the corrected RGB image combined with the 

corrected thermal image can be used to clearly determine numbers 

and locations.

4.3 Supplemental usage

The proposed method can detect animals regardless of color, 

shape, or size and does not need to generate a training dataset. 

This advantage reduces the total time needed for detection, and, at 

the same time, the method can be used to generate the training 

dataset itself. As a result of the automated detection process, our 

method marks the outline and centroid of each target. Then, instant 

target sorting can be used to form sets of images of detected 
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animals, and this stacked result can be employed for ML-DL 

training, even while simultaneously conducting UAV surveys in the 

field.

This quick in-field detection method can be used to supplement 

the relatively precise and advanced existing methods. Not only is 

our method useful for creating a training dataset but also, when a 

trained model is used for detection, the region of interest in the 

RGB image can be minimized. This areal reduction can lead to time 

savings.

4.4 Utility of thermal sensors

The use of thermal sensors provides several benefits for wildlife 

detection, especially time savings in the detection process93), 

enhanced detection performance94)95), and wider application across 

many species. However, thermal sensors still have limitations and 

drawbacks. An important limitation is that thermal sensors cannot 

sense through obstacles such as tree canopies, hideouts, and bushes. 

RGB image-based detection methods also have this limitation. 

However, thermal images can be used to detect the body 

temperature of a camouflaged target and may have an advantage 

93) Witczuk, J., Pagacz, S., Zmarz, A., Cypel, M. Exploring the feasibility of 

unmanned aerial vehicles and thermal imaging for ungulate surveys in 

forests-preliminary results. International Journal of Remote Sensing, 2018, 39.15-16: 

5504-5521

94) Same Reference As Above p. 8 (57)

95) Same Reference As Above p. 9 (62)
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over RGB images.

Another more critical drawback is the sparse resolution of the 

thermal camera. Compared with an RGB image, the image generated 

from a thermal sensor has approximately 40-fold fewer pixels and 

one-quarter of the coverage area. Furthermore, the spatial 

resolution at the same shooting height is approximately four times 

lower. This drawback limits the shooting height for obtaining images 

for use in detecting wildlife. At a height of 100 m, the pixel 

resolution is approximately 9 cm, and at a height of 200 m, the 

resolution is approximately 18 cm (Figure 12). If the shooting height 

is higher than 100 m, a target of the size in this paper will be 

represented by only a few pixels, and if multiple targets are in 

contact with each other or overlapped, their edges become more 

difficult to distinguish, and blurred targets are not detected properly. 

In this study, a height of 100 m seemed to be the maximum height 

for significant detection of wildlife. If the target size or shape was 

different or a high-quality thermal sensor could be used, the 

maximum height would be higher.

4.5 Applications in other fields

The combination of UAVs and thermal cameras is widely used in 

diverse fields, not only animal detection but also for forest 

monitoring96)97), vegetation health assessment98)99), crop managemen

96) Smigaj, M., Gaulton, R., Barr, S. L., & Suárez, J. C. UAV-BORNE THERMAL 

IMAGING FOR FOREST HEALTH MONITORING: DETECTION OF DISEASE-INDUCED 
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t100)101)102)103), and human rescue104)105)106)107). 

CANOPY TEMPERATURE INCREASE. International Archives of the Photogrammetry, 

Remote Sensing & Spatial Information Sciences, 2015, 40

97) Sartinas, E. G., Psarakis, E. Z., & Lamprinou, N. UAV forest monitoring in case 

of fire: Robustifying video stitching by the joint use of optical and thermal 

cameras. In International Conference on Robotics in Alpe-Adria Danube Region, 

2018, 163-172

98) Hoffmann, H., Nieto, H., Jensen, R., Guzinski, R., Zarco-Tejada, P., & Friborg, 

T. Estimating evaporation with thermal UAV data and two-source energy balance 

models. Hydrology and Earth System Sciences, 2016, 20(2), 697-713

99) Berni, J. A. J., Zarco-Tejada, P. J., Suárez, L., González-Dugo, V., & Fereres, 

E. Remote sensing of vegetation from UAV platforms using lightweight 

multispectral and thermal imaging sensors. Int. Arch. Photogramm. Remote Sens. 

Spatial Inform. Sci, 2009, 38(6), 6

100) Raeva, P. L., Šedina, J., & Dlesk, A. Monitoring of crop fields using 

multispectral and thermal imagery from UAV. European Journal of Remote Sensing, 

2019, 52(sup1), 192-201

101) Gonzalez-Dugo, V., Zarco-Tejada, P., Nicolás, E., Nortes, P. A., Alarcón, J. J., 

Intrigliolo, D. S., & Fereres, E. J. P. A. Using high resolution UAV thermal imagery 

to assess the variability in the water status of five fruit tree species within a 

commercial orchard. Precision Agriculture, 2013, 14(6), 660-678

102) Matese, A., & Di Gennaro, S. F. Practical applications of a multisensor UAV 

platform based on multispectral, thermal and RGB high resolution images in 

precision viticulture. Agriculture, 2018, 8(7), 116

103) Messina, G., & Modica, G. Applications of UAV thermal imagery in precision 

agriculture: State of the art and future research outlook. Remote Sensing, 2020, 

12(9), 1491

104) Burke, C., McWhirter, P. R., Veitch-Michaelis, J., McAree, O., Pointon, H. A., 

Wich, S., & Longmore, S. Requirements and limitations of thermal drones for 

effective search and rescue in marine and coastal areas. Drones, 2019, 3(4), 78

105) De Oliveira, D. C., & Wehrmeister, M. A. Using deep learning and low-cost 

RGB and thermal cameras to detect pedestrians in aerial images captured by 

multirotor UAV. Sensors, 2018, 18(7), 2244

106) Andrea, C. C., Byron, J. Q., Jorge, P. I., Inti, T. C., & Aguilar, W. G. 

Geolocation and counting of people with aerial thermal imaging for rescue 

purposes. In International Conference on Augmented Reality, Virtual Reality and 

Computer Graphics, 2018, 171-182

107) Rudol, P., & Doherty, P. Human body detection and geolocalization for UAV 
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The animal detection method proposed in this study can be 

adapted to human rescue situations. For instance, Burke et al.108)

quantified the requirements and limitations of UAV and thermal 

cameras for human rescue in marine and coastal areas. Moreover, 

De Oliveira et al.109) and Andrea et al.110) tried to detect humans 

from UAV-derived thermal images using deep-learning methods such 

as convolutional neural network and artificial neural network. These 

methods require fast and accurate detection because in emergency 

situations, finding and rescuing survivors in time is critical. The 

suggested method in this study is suitable for this purpose.

Another field that our suggested method can be used in is solar 

panel inspection111)112)113). Visualization of solar panels with thermal 

images can facilitate assessments of their efficiency and detect 

broken parts. The assessment method is based on size and 

temperature filtering from thermal images. The suggested method is 

specialized for this task and 30 images can be checked with around 

search and rescue missions using color and thermal imagery. In 2008 IEEE 

aerospace conference, 2008, 1-8

108) Same Reference As Above p. 44 (104)

109) Same Reference As Above p. 44 (105)

110) Same Reference As Above p. 44 (106)

111) Vega Díaz, J. J., Vlaminck, M., Lefkaditis, D., Orjuela Vargas, S. A., & Luong, 

H. Solar panel detection within complex backgrounds using thermal images acquired 

by UAVs. Sensors, 2020, 20(21), 6219

112) Lee, D. H., & Park, J. H. Developing inspection methodology of solar energy 

plants by thermal infrared sensor on board unmanned aerial vehicles. Energies, 

2019, 12(15), 2928

113) Lee, G. S., & Lee, J. J. The detection of heat emission to solar cell using 

UAV-based thermal infrared sensor. Journal of Korean Society for Geospatial 

Information System, 2017, 25(1), 71-78
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80% accuracy within 1 s.

Thus, the method devised for animal detection purposes in this 

study has wide versatility.
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Chapter 5. Conclusions

This paper developed a new method for detecting animals using 

thermal and RGB images acquired from UAV mounted thermal 

camera. The maximum detection precision of suggested method was 

0.804, and the recall rate was 0.699. The major improvement in 

detection time enables real-time usage and it makes able to manage 

and monitor animals for diverse purposes.

This method has three limitations. The nondiverse of acquired 

data, such as the detection target, shooting time and period, and 

the shooting angle, were not diverse when the raw data were 

acquired, so the method was developed using only limited data. 

Nevertheless, the method might be applicable to many species and 

circumstances by changing method parameters. The sparse resolution 

of the thermal sensor is the other limitation that limits the shooting 

height lower than 100 m. Nonetheless, if high-resolution thermal 

images are used, the method may be able to detect smaller targets 

and it may be possible to fly the UAV at a higher altitude. The 

diversity of the habitat environment was not considered is the last 

limitation. Despite most terrestrial wildlife in Korea is living in the 

woods, the suggested method was developed only for opened areas, 

such as bare land or grassland. If the raw data was acquired on 

forests, the method might be more applicable for Korean domestic 

wildlife.

The focus of future work is to diversify the detection target 
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species and shooting conditions to clarify how versatile the thermal 

sensor-mounted UAV system would be in conducting wildlife surveys. 

Using these datasets, an advanced method that can detect targets at 

greater heights with higher accuracy will be proposed.

- 본 학위논문은 Remote Sensing 저널에 출판된 Feasibility Analyses of 

Real-Time Detection of Wildlife Using UAV-Derived Thermal and RGB Images 

논문의 내용과 결과를 일부 활용하여 작성되었음 -
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Appendix: Glossary

Term Definition

CPU parallel 
processing

Computer processing unit parallel computing is a type 
of computation in which many calculations or 
processes are carried out simultaneously. Large 
problems can often be divided into smaller ones, 
which can then be solved at the same time. 

FPS Frames per second refers to the number of images 
that a video shows per second.

GPU 
acceleration

Graphics processing unit acceleration is the 
employment of a graphics processing unit along with 
a computer processing unit to facilitate the playback 
of the average timeline in real-time at high quality.

ML-DL Machine learning and deep learning 

precision and 
recall

Precision is the fraction of true-positives among total 
predicted positives, while recall is the fraction of 
true-positives among total actual positives.

Sobel edge

The Sobel edge is the edge image created from the 
Sobel operator. The Sobel operator uses two 3 × 3 
kernels, which are convolved with the original image 
for calculation. One kernel is for horizontal changes, 
and one is for vertical changes. These images 
visualize the intensity of pixel value change.
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초 록

무인비행체 탑재 열화상 및 실화상 

이미지를 활용한 야생동물 탐지 

가능성 연구

야생동물의 탐지와 모니터링을 위해, 현장 직접 관찰, 포획-재포획

과 같은 전통적 조사 방법이 다양한 목적으로 수행되어왔다. 하지만, 

이러한 방법들은 많은 시간과 상대적으로 비싼 비용이 필요하며, 신

뢰 가능한 탐지 결과를 얻기 위해선 숙련된 현장 전문가가 필요하다. 

게다가, 전통적인 현장 조사 방법은 현장에서 야생동물을 마주치는 

등 위험한 상황에 처할 수 있다. 이에 따라, 카메라 트래핑, GPS 추

적, eDNA 샘플링과 같은 원격 조사 방법이 기존의 전통적 조사방법

을 대체하며 더욱 빈번히 사용되기 시작했다. 하지만, 이러한 방법들

은 여전히 목표로 하는 대상의 전체 면적과, 개별 개체를 탐지할 수 

없다는 한계를 가지고 있다.

이러한 한계를 극복하기 위해, 무인비행체 (UAV, Unmanned Aerial 

Vehicle)가 야생동물 탐지의 대중적인 도구로 자리매김하고 있다. 

UAV의 가장 큰 장점은, 선명하고 촘촘한 공간 및 시간해상도와 함께 

전체 연구 지역에 대한 동물 탐지가 가능하다는 것이다. 이에 더해, 

UAV를 사용함으로써, 접근하기 어려운 지역이나 위험한 곳에 대한 

조사가 가능해진다. 하지만, 이러한 이점 외에, UAV의 단점도 명확히 

존재한다. 대상지, 비행 속도 및 높이 등과 같이 UAV를 사용하는 환

경에 따라, 작은 동물, 울창한 숲속에 있는 개체, 빠르게 움직이는 동
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물을 탐지하는 것이 제한된다. 또한, 기상환경에 따라서도 비행이 불

가할 수 있고, 배터리 용량으로 인한 비행시간의 제한도 존재한다. 

하지만, 정밀한 탐지가 불가능하더라도, 이와 관련 연구가 꾸준히 수

행되고 있으며, 선행연구들은 육상 및 해상 포유류, 조류, 그리고 파

충류 등을 탐지하는 데에 성공하였다.

UAV를 통해 얻어지는 가장 대표적인 데이터는 실화상 이미지이다. 

이를 사용해 머신러닝 및 딥러닝 (ML-DL, Machine Learning and 

Deep Learning) 방법이 주로 사용되고 있다. 이러한 방법은 상대적으

로 정확한 탐지 결과를 보여주지만, 특정 종을 탐지할 수 있는 모델

의 개발을 위해선 최소한 천 장의 이미지가 필요하다. 실화상 이미지 

외에도, 열화상 이미지 또한 UAV를 통해 획득 될 수 있다. 열화상 

센서 기술의 개발과 센서 가격의 하락은 많은 야생동물 연구자들의 

관심을 사로잡았다. 열화상 카메라를 사용하면 동물의 체온과 주변환

경과의 온도 차이를 통해 정온동물을 탐지하는 것이 가능하다. 하지

만, 새로운 데이터가 사용되더라도, 여전히 ML-DL 방법이 동물 탐지

에 주로 사용되고 있으며, 이러한 방법은 UAV를 활용한 야생동물의 

실시간 탐지를 제한한다.

따라서, 본 연구는 열화상과 실화상 이미지를 활용한 동물 자동 탐

지 방법의 개발과, 개발된 방법이 이전 방법들의 평균 이상의 정확도

와 함께 현장에서 실시간으로 사용될 수 있도록 하는 것을 목표로 

한다.

주요어 : 열화상 이미지, 무인비행체, 야생동물 모니터링, 동물 탐지, 

탐지 알고리즘, 데이터 결합

학  번 : 2020-25580
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