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Abstract: Images and videos have become pervasive in ecological research and the ease of acquiring image data and its 8 
subsequent processing can provide answers in research areas such as species recognition, animal behavior, and population 9 
studies which are critical for animal conservation and biodiversity. Technological advances in imaging are enabling data 10 
collection from new areas such as from underwater, new modalities such as thermal and new ways of processing such as 11 
deep learning. These advances are accelerating due to ease of data collection, better storage and processing technologies with 12 
associated lowering costs. The advancements in state-of-the-art machine learning for image and video classification and 13 
analysis can directly be applied in ecology. Ecological applications are generally conducted in remote and harsh deployment 14 
environments, and therefore present formidable challenges that require appreciation of the limitations of such technologies. 15 
The ecological field is poised to make use of images acquired through drones, robotics, and satellites through machine 16 
learning for rapid advancements in critical research areas. Timely insights from such data help to understand and protect the 17 
species and environment. This paper provides a review of the advancements in image acquisition and processing 18 
technologies used in animal ecological studies. We also discuss concepts and technologies that would help foster future 19 
ecological research methodologies potentially opening new insights and quickening growth to an already rich and data-20 
intensive field.  21 

Keywords animal behaviour, big data, computer vision, deep learning, image processing, population monitoring, drone, 22 
robot23 

1. INTRODUCTION 24 
 25 

The use of digital technologies has seen an uptake in virtually all ecological domains, enabling significant efficiencies in 26 
time, effort and cost. This has specifically transformed not only the way that the images and videos are captured in the field 27 
but more importantly how this complex data can be processed to infer statistics answering the research question.  28 

 29 
Ecological research depends on data collection under difficult circumstances in order to extract meaningful inferences. 30 

Not taking the factors into consideration can result in systems providing a degraded performance or erroneous data. Ecological 31 
research often occurs in harsh and hostile environments in far-flung areas and may continue over many years (Nazir et al., 32 
2016). Without large scale adoption of the digital tools and informatics makes the ecological research quite hard, costly and 33 
time-consuming if not downright impossible. The events of interest in ecological studies are often difficult to observe (Huang 34 
et al., 2014). The event to be recorded might only occur once during a whole season or year, or could occur sporadically. The 35 
data from the field can be collected through use of sensors which could provide  a simple scalar value (number), e.g. GPS 36 
coordinate, or it could be a camera (image sensor) for capturing image or video. 37 
 38 

We use the term image in this text to encompass all the image modalities such as infrared, thermal and also video. We 39 
consider image processing in this text to include the low level processing of images such as background subtraction, 40 
traditional machine learning such as Support Vector machines (SVM), and the current deep learning algorithms. Image 41 
processing on field images have challenges. Illumination and background changes make animal detection difficult 42 
(Weinstein, 2017). Data cleaning is required as challenging terrains and conditions make sensors fail (Dietterich, 2009). 43 
Ecological data often comprises of noisy data (and small datasets), which could be challenging (Shan et al., 2006). The sensors 44 



 

2 
 

and deployments are sometimes inaccessible and often are in harsh weather conditions, with cold, humidity, and rain etc., taking 45 
its toll on the device’s electronics. The monitoring may cover a large area (Rovero et al., 2013; Tabak et al., 2019). Errors and 46 
biases can be affected by environmental conditions or camera features (Beauxis-Aussalet and Hardman, 2015).  47 
 48 

Camera trap images are affected by weather conditions, shadows and lighting conditions (Norouzzadeh et al., 2018). Natural 49 
environments pose many challenges such as tree movements by wind, camera movements (Dickinson et al., 2008; Newey et 50 
al., 2015) which can result in false positives. False positive (FP) images do not have an animal in them, creating a lot of extra 51 
work and problems as these have to be separated from other images of interest with an animal (Swinnen et al., 2014). Camera 52 
trap animal images pose challenges for image analysis due to background clutter; occlusion, poor illumination and animal pose 53 
(Yu et al., 2013). A study in Mohave Desert had complex backgrounds, plants swaying in breeze, and occlusions from 54 
vegetation to increase the challenges posed to computer vision techniques (Wilber et al., 2013). However automated image 55 
processing techniques can help overcome the difficulties in analysing the large datasets.   56 

 57 
Ecology is being revolutionised through the use of digital technologies over last decades (Grémillet et al., 2012). 58 

Ecological research is data intensive in both time and space, with studies carried over large geographical areas and durations, 59 
while further exacerbated by volumes of data collection possible through ease, frequency and scale of data generation tools. 60 
Large scale data can now be gathered through much superior digital data acquisition tools which if unmatched by faster 61 
automated analysis to extract meaningful insights and information, would become obsolete and irrelevant. The automated 62 
digital data collection using camera traps and drones can generate an enormous amount of data that requires automated 63 
processing to extract the requisite information. Animal-borne imaging can provide ecological information collection that other 64 
technologies do not offer (O’Connell et al., 2020). 65 
 66 

The focus of this paper is to provide a review of image acquisition and processing technologies in animal ecology studies. 67 
We also provide future directions, opportunities and challenges for the ecological research.  68 

 69 
Rest of the paper is structured as follows: The preliminary information on image modalities and processing techniques are 70 

provided in Section 2. The image acquisition technologies are covered in Section 3 that also includes studies utilising basic 71 
image processing. Section 4 covers the studies reporting advanced image processing and analysis. Future research directions 72 
and challenges are covered in Section 5. Finally conclusion is provided in Section 6. 73 
 74 
2. Background 75 

2.1 Image and Video Data  76 

An image is a two dimensional representation of intensity measure corresponding to each point in a scene. The number of 77 
pixels in the image is referred to as image resolution and is expressed as width x height of the image. Images have a very 78 
important role in the research studies and provide a wealth of information with video also becoming common. The video could 79 
be considered as a succession of images such as Motion JPEG but commonly advanced video compression formats such as 80 
H.264 are used. Depending on the video resolution and frames per second a lot of data gets generated and requires resources for 81 
storage, processing and analysis. Diverse information can be gleaned from high resolution video with a wider field of view 82 
(Mattern et al., 2018). For example, high resolution satellite images of the earth make it possible to identify small objects 83 
(McMahon et al., 2014). The images of interest in ecology can be captured using any image modality: visible, infrared, radar 84 
(Stepanian et al., 2014; Schmaljohann, 2020) or thermal (Dahlen and Traeholt, 2017). 85 

 86 
Visible light or infrared cameras although are passive devices but require an illumination source. Infrared cameras are 87 

normally used for capturing images at night, and infrared images are sometimes erroneously referred to as a grey scale images. 88 
A grey scale image has only a single channel (8 bits) to represent each pixel whereas IR image has 3 (RGB, 24 bits) channels. 89 
Optical cameras have an IR filter (Anderson et al., 2019) which can be removed to allow night time imaging with IR light, 90 
however the removal  impacts the quality of daytime images, giving a washed-out appearance. Commercial camera traps have a 91 
movable infrared filter that moves out of line from the camera lens on sensing darkness.  Thermal cameras on the other hand are 92 
passive devices and do not require an illuminating source and can capture the heat intensity radiated from the objects in the 93 
scene. Thermal cameras can provide better animal detection based on temperature differential between the animal and the 94 
ambient temperature. Radar images are dependent on active transmission of radar signal and its reception after reflection from a 95 
target.  96 



 

3 
 

The capture of image and video requires a large amount of storage, processing, and battery resources at the capture platform 97 
such as camera traps, drones, and animal-borne sensors. Thus in order for a judicious use of resources, image capture can be 98 
started on determining the onset of a condition, such as presence of an animal in the field of view, or another trigger such as 99 
passage of a fixed amount of time as for time lapse images. The image capture devices can generate a large amount of data very 100 
quickly that needs automated processing to extract information at low cost and in less time. 101 

2.2   Basic Image Processing Techniques 102 
 103 

Some form of image processing is invariably required in all cases of image analysis. This could be the change of image 104 
resolution to suit a particular technique. Such pre-processing operations help to improve image feature quality, exclude empty 105 
images, or for colour balancing/enhancement.  106 
 107 

Ecological studies are aided by an automatic identification of an animal in an image, video, which is the first step for other 108 
research objectives such as population estimation. Classification is identifying and segregating images based on a similarity 109 
criteria or features, and could be used to segregate false positive (FP) images, species, day and night photos etc. Object 110 
detection in dynamic and highly cluttered backgrounds is a difficult problem (Weinstein, 2017). This could be accomplished 111 
with background subtraction with thresholds, and colour matching (Koniar et al., 2016). The study by Swinnen et al. (2014) was 112 
aimed to filter out images and videos that were either empty or contained non-target species, thus reducing the amount of time 113 
required for manual processing. MATLAB was used to process the images and videos, and based on pixel changes from frame 114 
to frame and the animal size, motion was inferred. The threshold was set such that it should not eliminate any true target and 115 
might not discern all false positives but still considered useful to reduce manual processing.  116 
 117 

The presence of an animal can be inferred by image differencing or background subtraction techniques. Image processing 118 
was used to segregate FP images in a camera trap study (Nazir et al. 2017). The benefit of basic techniques is that they are of 119 
low complexity and can be easily understood and implemented. In the simpler of case, two corresponding images can be used 120 
for an image difference to determine the foreground object whereas for more complicated cases a background model needs to 121 
be maintained.  122 

2.3 Advanced Techniques 123 
 124 

Computer vision is aimed at extracting high level information from images, such as to determine if an animal is present in 125 
an image. Computer vision nowadays heavily draws on machine and deep learning owing to their demonstrated successes 126 
(Krizhevsky et al., 2017). A survey of Computer Vision in ecology studies, were categorised into description, counting and 127 
identification (Weinstein, 2017).  128 
 129 

Machine learning is a field of artificial intelligence, and provides better results compared to the conventional computer 130 
vision low level processing techniques. Deep learning is a sub-field of machine learning that has recently been popularised by 131 
impressive results for object recognition in images (Krizhevsky et al., 2017). Deep learning techniques are based on Artificial 132 
Neural Networks (ANNs) that mimic the human neural system and the depth of the network refers to the many hidden layers of 133 
processing. A review of deep learning applications in the field of ecology highlights the benefits to ecological disciplines 134 
surmising that deep learning will become a necessity in view of the large scale datasets being generated. Some application areas 135 
and recommendations for ecologists are also provided by Christin et al., (2019). A review of deep learning methods useful for 136 
species identification is provided in (Waldchen and Mader, 2018). However, deep learning techniques differ significantly from 137 
the more traditional approaches in machine learning. 138 
 139 

The major difference between traditional machine learning versus deep learning is that traditional machine learning feature 140 
extraction is under human supervision whereas deep learning can extract features automatically (Christin et al., 2019). The most 141 
relevant deep neural network for image classification is Convolutional Neural Network (CNN) (Krizhevsky et al., 2017) which 142 
requires optimisations of hyper parameters and use of speedup techniques (Nazir et al., 2020). The earlier layers in a CNN 143 
learns low level features such as edges and lines whereas later layers learn higher level features. The training of the model 144 
requires large amount of processing time and resources and is often done using a Graphical Processing Unit (GPU) to reduce 145 
the time. After a model has been trained it can be tested quickly to classify an animal. Although a customised model can be 146 
designed and trained but it is possible to reuse a pre-trained model designed for another classification problem and re-use it for a 147 
new problem. 148 
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One avenue in deep learning is investigating application of transfer learning from one image dataset to another (Norouzzadeh 149 
et al., 2018). Transfer learning made accessible by Google Cloud Machine Learning platform will pave the way of its usage 150 
(Weinstein, 2017). Transfer learning means that we reuse the pre-trained weights from a trained model whereas the original 151 
model may have been for a particular image resolution and a particular dataset but by changing the layers in the network we can 152 
adapt it to work on a new problem.  153 

3.  IMAGE ACQUISITION  154 
 155 

Animal behaviour can be affected by human presence or even its perception by the animal under study. Remote capture of 156 
images and videos thus has a special significance in ecology. In this Section, we cover the four data acquisition technologies 157 
commonly used for image acquisition that is, camera traps, video loggers, drones and satellites, and their application in studies 158 
utilising basic image processing. A summary of the image acquisition techniques is provided in Table 1. 159 

3.1.  Camera Traps 160 
Camera trap is a device that acquires data on sensing a physical phenomenon, for example, taking a picture on sensing 161 

motion, or vibration. The recording of an event could also be time triggered, that is time lapse or may be continuous. Commonly 162 
used sensor for detecting a motion event is the Passive Infrared (PIR) sensor that operates by sensing the movement of infrared 163 
(heat) energy radiated from warm bodies. Other sensors sometimes used for presence sensing are radar (Glen et al., 2013; Nazir 164 
et al., 2017) or active infrared (Caravaggi et al., 2017). However, there are other sensors such as vibration that can be used. A 165 
review of camera trapping for conservation behaviour research is provided in (Caravaggi et al., 2017). A review of camera trap 166 
use for wildlife studies describes technical aspects of the commercially available camera traps and usage of these devices in 167 
ecological studies (Burton et al., 2015). The accuracy in sensing can help reduce or eliminate false positives that are images 168 
without an animal in them. The false positives were reduced by using radar sensing and image processing on the camera trap 169 
unit (Nazir et al., 2017).  170 
   171 

Camera trap is a non-invasive tool suitable for use in all types of terrain and weather conditions and can be used successfully 172 
to document difficult events (Huang et al., 2014). Camera traps have progressed from the earliest trap reported in 1890 that used 173 
mechanical activations, using trip wires, to the latest models with sophisticated electronics and processing (Kucera and Barrett, 174 
2011). The camera traps have been extensively used in ecological field studies. These could be used for activity patterns, 175 
occupancy modelling and abundance estimation (O’Brien, 2011). 176 

 177 
Camera traps were used to capture animal behaviour in response to anthropogenic disturbances by integrating it with a 178 

motion activated speaker (Suraci et al., 2016). Variations in pixel values and environmental conditions were used to identify 179 
empty recordings and other species in camera trap videos where the species of interest was Eurasian beaver (Castor fiber) 180 
(Swinnen et al., 2014).  181 

 182 
Cliff nesting seabirds’ population was monitored with computer vision, using time lapse images (Dickinson et al., 2008). 183 

Monitoring through manual counting would be laborious, and impractical. The authors employed background subtraction by 184 
using Mixture of Gaussian (MoG) for background modelling. However the proposed method was computationally intensive 185 
making real-time processing even at low resolution difficult and model initialisation was also difficult (Dickinson et al., 2008). 186 
Camera traps data is often combined with other data. Distribution, occupancy, and habitat associations of sengi (Rhynchocyon 187 
udzungwensis) were studied using camera traps in (Rovero et al., 2013) and analysed together with satellite data.  188 
 189 

The commercial camera traps have been successfully used in ecological studies. There could be problems in ecological 190 
studies due to the limitations of low-end commercial recreational camera traps in deployment, operational and data management 191 
(Newey, 2015). Considering such constraints there have been some efforts to develop customised camera traps (Glen, 2013; 192 
Nazir et al., 2017). 193 
 194 

A study describing investigation of a low-cost camera trap specification for small mammals covered different trigger speeds 195 
utilizing microwave sensors (Glen, 2013). It also describes efforts to standardise the field of view of the cameras by actively 196 
triggering the PIR and studying the resulting image. The study compared a commercial camera with three variants of a custom-197 
built model (Glen, 2013). An open access camera trap was developed that allowed for the operational features to be 198 

 199 
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Table 1. Image Acquisition Technologies  200 
 201 

 202 
 203 
 204 

programmed. It used solar powered battery operation to sustain two-way communication over the cellular network and image 205 
processing on Raspberry Pi (Nazir et al., 2017). Camera traps were used to understand scavenger behaviour at a Golden Snub-206 
Nosed Monkey (Rhinopithecus roxellana) carcass (Huang et al., 2014). A solar powered battery powered satellite based remote 207 

Image 
Acquisition 
Technology 

Description/Purpose of Study Imaging Device Reference 

Camera 
Trap 

Manual identification of scavengers preying on the carcass of a Golden Snub- 
Nosed Monkey (Rhinopithecus roxellana) 

Reconyx PC900 Huang et al., 2014 

Playback videos recording in response to anthropogenic disturbances (custom 
motion-sensitive speaker unit) for elephants, black bears, squirrels, cougars besides 
others 

Moultrie M-990i camera 
trap 

Suraci et al., 2016 

Abundance monitoring of jaguar population over 14 years with manual identification 
of individuals using open population models 

CamTrakker, Cuddeback 
and DeerCam 

Harmsen et al., 
2017  

Automatic visual monitoring of seabird populations using  background subtraction, 
Mixture of Gaussian 

Digital video camera Dickinson et al., 
2008 

Time saving in processing camera trap videos of Eurasian beavers (Castor fiber) to 
identify and segregate empty recordings or other species; using  Pixel value variation 
and environmental conditions 

Bushnell Trophy cams Swinnen et al., 
2014 

Custom 
camera trap 

Scavenger behaviour with motion detection and image differencing at deer carcass 
with images automatically back loaded through on-site satellite link 

Raspberry Pi Camera, 
Bushnell 

Nazir et al., 2016 

Reduction in false positive images using layered processing of sensors and image 
differencing 

Raspberry Pi Camera Nazir et al., 2017 

Low-cost camera trap specification for small mammals Custom camera Glen et al., 2013 

Biologging 
Sensor 

 

Observing the natural forging behaviour of  crows (Corvus moneduloides) with video 
loggers 

self-developed miniature 
video 
cameras 

Troscianko and 
Rutz, 2015. 

Scavenging behaviour of Tasmanian devil using video collar GoPro Hero 3 White video 
cameras 

Anderson et al., 
2019 

Foraging behaviour of yellow-eyed penguin with high definition video logger HD video logger, time-depth 
recorder and GPS logger 

Mattern et al., 
2018 

Behaviour ecology of sharks with a custom animal-borne imaging system 720p Water 
Wolf underwater camera,  
1080p Go Pro Hero 4 
camera 

O’Connell et al., 
2020  

Drone 

Estuarine Crocodile (Crocodylus porosus) nesting sites localisation Model S100, Canon Evans et al., 2016 

Behaviour responses of mallards Anas platyrhynchos, wild flamingos 
(Phoenicopterus roseus) greenshanks (Tringa nebularia)  

Phantom drone Vas et al., 2014 

Population and mating dynamics and sex ratios of loggerhead sea turtles (Caretta 
caretta) using tail morphology 

DJI Phantom 3 Professional Schofield et al., 
2017 

Nest detection of Orang-utan for distribution and density ( R, ArcGIS ArcMap, 
kernel Density Estimation) 

Skywalker 2013, Canon 
S100 camera 

Wich et al., 2015 

Counting of gulls (Larus fuscus) using semiautomated maximum likelihood 
classification 

DJI Inspire 1 quadcopter 
with 12 megapixel DJI 
FC350 camera 

Rush et al., 2018 

Reducing disturbance to nesting birds with thermal imaging and enhanced image 
accuracy 

senseFly eBee plus fixed-
wing drone  

Mapes et al., 2020 

Detection of wild orangutans using thermal camera  DJI Phantom 
4Pro, DJI Inspire 1 V2.0 

Dahlen and 
Traeholt, 2017 

Detection of three arboreal mammal in complete darkness with thermal camera DJI Matrice 600Pro with  
DJI Zenmuse XT V2.0 
FLIR uncooled thermal 
sensor 

Kays et al., 2019 

Satellite 

Habitat heterogeneity and composition for 10 bird species with image processing Landsat Thematic Mapper 5 
(TM5) 

St-Louis et al., 
2014 

Whale counting with very high resolution satellite imagery WorldView2 with 50 cm 
resolution 

Fretwell et al., 
2013 

Monitor animal behaviour for a cattle enterprise by combining sensor data from 
different modalities 

SPOT-5  Handcock et al., 
2009 

Manual counting of elephant seals with poor contrast against background in satellite 
images 

Geo-Eye satellite McMahon et al., 
2014 
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monitoring system was developed to observe scavenger behaviour at a deer carcass. The image and video capture was motion 208 
activated using PIR sensors and image processing. The system live streamed the video data over the satellite link and enabled 209 
remote software configuration to the system (Nazir et al., 2016). 210 

 211 
A 14 year program monitored the Jaguar population of 105 adult jaguars using camera traps in a camera trap study (Harmsen 212 

et al., 2017). This was the first study for population dynamics with a sufficiently large sample. The recognition of individuals 213 
was based on identification of the spot patterns. The study covered an area of 100 km2 with 19 locations for the camera traps 214 
(Harmsen et al., 2017).  215 

 216 
Inspired by the decreasing costs, ease of camera trap studies, citizen science, and many successful larger scale camera trap 217 

studies (Burton et al., 2015; Wildlife Insights), a global network of camera traps for monitoring biodiversity is proposed in 218 
(Steenweg et al., 2017). Advances in camera trap technologies and their declining costs have enabled new surveys, but at times 219 
robust ecological studies require more than data collection (Burton et al., 2015). 220 

3.2.  Bio-logging or Animal-borne Sensors 221 
 222 

It is advantageous for some studies to mount the sensing platform on the animal. The attachment of a sensor to an animal 223 
provides a much prolonged observation in the natural habitat and in different activity states. Thus these animal mounted 224 
cameras can be used to record activity from places which are otherwise not accessible.  However a disadvantage is that this 225 
requires that the animal be captured, fitted with the biologger and then released.   226 
 227 

Satellite telemetry for long-range bat movements was used in trials using Platform Terminal Transmitter (PTT) and collar on 228 
captive and free bats (Family Pteropodidae: Genus Pteropus) (Smith et al., 2011). The solar-powered PTT performance was 229 
found better than battery-powered ones for species with habitats favouring solar recharge. In future, PTT size and weight 230 
reduction will improve deployment lifetime (Smith et al., 2011).  231 

 232 
These sensors can provide insights into animal behaviour difficult to observe in natural habitats. The foraging behaviour of 233 

New Caledonian (NC) crows (Corvus moneduloides) using tools was observed through fitting 19 birds with custom built video-234 
loggers to obtain 10 hours of video. These were first footages of manufacture and use of stick tools under completely natural 235 
foraging environment (Troscianko and Rutz, 2015). The camera was set to record automatically with two pre-set schedules and 236 
mounted for safe automatic detachment after 7 days (Troscianko and Rutz, 2015).  237 

 238 
Animal borne video collars were used on 13 Tasmanian devil (Sarcophilus harrisii) to obtain 173 hours of recorded video to 239 

understand the activity and social interactions. This was the first study that found the importance of the devil in the ecosystem 240 
by manually analysing the captured video (Anderson et al., 2019). Use of high definition video loggers can provide more 241 
diverse information as demonstrated for yellow-eyed penguin study (Mattern et al., 2018). A camera logger was developed to 242 
record full HD video using a wide angle lens to understand the foraging behaviour of penguin. A total of 2 hours of H.264 video 243 
was recorded with video data written to a file every 3 mins. The light sensitivity of camera worked well to a depth of 70 m 244 
(Mattern et al., 2018). The size of animal-borne imaging and environmental data collection systems (AVEDs) is getting smaller 245 
and can thus be used on small animals. A harness was designed and used with dusky smoothhound sharks (Mustelus canis) for 246 
both laboratory and field conditions for understanding behaviour.  The details of the harness are provided and mostly statistical 247 
techniques were applied for post processing. (O’Connell). A total of 6 sharks were captured for the field experiment and the 248 
swimming behaviour and predator-prey dynamics were analysed using statistical techniques (O’ Connell et al., 2020). 249 

 250 
There has also been a trend to combine capture data through many sensors that can aid in better understanding of the 251 

monitored behaviour. The use of acceleration, gyroscope and time-depth recorder was validated for green turtle behaviour 252 
inference by recording 66 hours of video. The study used seven classifiers Linear Discriminant Analysis (LDA), Support Vector 253 
Machine (SVM), Classification and Regression Trees (CART), Random Forest (RF), Extreme Gradient Boosting (EGB), 254 
Voting Ensemble (VE) and Weighted Sums (WS) and found that WS gave the best results in automatic behavioural 255 
identification based on TDR, acceleration and gyroscopic data (Jeantet et al., 2020). 256 

 257 
 258 
 259 
 260 
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3.3.  Drones 261 

Drones or Unmanned Aerial Vehicles (UAV) can carry on-board cameras to capture images and videos from inaccessible 262 
terrain such as monitoring behaviour of cliff nesting birds. Depending on the type of camera carried it can capture an image or 263 
video in any environment condition such as thermal image in complete darkness. Drones are increasingly being used due to the 264 
ease with which these can be flown over an area of interest to collect imagery. The mobile platform with on-board sensors can 265 
approach and monitor the intended animal on land, sea, or air. Such platforms may also be used in conjunction with the ground 266 
based sensors for data transfer. 267 
 268 

With drones becoming a common tool for investigation and data collection, it has become possible to gather ecological data 269 
through drones (Hodgson et al., 2018). A review of drone use for conservation in protected areas with a classification of drones 270 
and type of imaging sensors that can be mounted on the drones is provided in (López and Mulero-Pázmány, 2019).  Drones 271 
were used to get insights into mating dynamics and sex ratios of loggerhead sea turtles (Caretta caretta) through repeated 272 
surveys to determine the morphological differences such as tail length (Schofield et al., 2017). Use of drones to identify 273 
crocodile nests allowed a large area to be covered at lower cost, providing a methodology for nest surveying useful for similar 274 
studies for other species (Evans et al., 2016).  275 
 276 

Some studies use drones with thermal cameras due to their inherent advantages. A preliminary study was carried out to 277 
determine if the thermal imagery would help establish the orangutan distribution and density, and showed that there is a 278 
correspondence between aerial and ground surveys (Wich et al., 2015).  The full costs of drone studies should be carefully 279 
evaluated and in addition to the cost of equipment must consider the training for equipment operation (Wich et al., 2015). 280 
Drones were used mounted with thermal cameras for detection of orangutans (Pongo spp.) which make nests in the upper 281 
rainforest canopy. An altitude of 100 m provided the best balance between the image resolution, the transmission range, and 282 
coverage of area per flight (Dahlen and Traeholt, 2017). Drone mounted thermal cameras were used to scan large areas of 283 
rainforest canopy to detect high canopy species. It was suggested that better results could be obtained by combining, thermal, 284 
with flash photography or IR illumination.  The disturbance to animals did not happen above 40m (Kays et al., 2019).   285 
  286 

Whether the drones cause disturbance to animals is also an important factor to be considered. Disturbance to nesting birds 287 
with drones and providing considerations for reducing disturbance and enhanced image accuracy is described in (Mapes et al., 288 
2020). Animal behaviour was studied using approaching drones at various angles and to assess impact of drones (Vas et al., 289 
2014). There is also a trade-off in minimising disturbance and the ability to capture an image at a resolution and distance that 290 
aids analysis for animal counting etc. (Rush et al., 2018). Thermal imaging can capture temperature variations in and across bird 291 
nesting habitats. A counting application for breeding seabird colony of Black-backed Gulls (Larus fuscus) utilised image 292 
processing with a minimal disturbing drone for colony nesting seabirds (Rush et al., 2018). The semi-automated classification 293 
provided a high correlation with the manual count. Agisoft PhotoScan v1.2.4 software was used for image processing along 294 
with maximum likelihood classification. A low disturbance to birds was noticed with the drone flying at a height of 40m (Rush 295 
et al., 2018). ). A good discussion on the future of drones in the field of ecology is provided by Crutsinger et al. (2016). Better 296 
and cheaper hardware, smart drone technology, and integration with mobile and cloud would increase use of drones in ecology 297 
(Crutsinger et al. (2016). 298 

 299 

3.4. Satellites   300 

The satellites cover the entire earth and satellite systems provide open access to satellite imagery and can be easily used to 301 
infer information for counting or movement of large-bodied animals. The resolution of the imagery has also been getting better 302 
and the satellites can cover larger areas of the earth. The use of satellite imaging helps to identify target animal and population 303 
and is generally best suited for applications with a homogeneous background as in snowy terrain or sea water for better contrast 304 
facilitating discrimination of the target animal. 305 

  306 
The satellite data is now more widespread and easily available for ecological research (Kwok. 2018). The image resolution 307 

has also improved which makes animal identification better and also more information can be extracted (Wang et al., 2010). 308 
The availability of satellite data can be very useful for ecology studies through the use of open source data and tools (Kwok, 309 
2018). A review of remote sensing for monitoring biodiversity and conservation covering satellites, LIDAR and Global 310 
Information System (GIS) is provided by Wang et al. (2010). Raw, unclassified remote satellite imagery was used to model 311 
avian biodiversity (St-Louis et al., 2014). The measures from satellite remote sensed data, habitat heterogeneity and habitat 312 
composition were compared for bird species diversity. Raw digital numbers from satellite images were converted to surface 313 
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reflectance as a two stage pre-processing (St-Louis et al., 2014). Image texture was used with satellite based techniques for 314 
determining biological diversity (St-Louis et al., 2014). 315 

 316 
A study combining GPS and Wireless Sensor Network (WSN) data with satellite images for monitoring animal behaviour is 317 

described in (Handcock et al., 2009). It used a combination of mobile sensors with static nodes for data backhaul, with the data 318 
correlated with satellite images (Handcock et al., 2009). 319 

 320 
The elephant seals were manually counted in satellite imagery and validated against the ground truth information with a high 321 

correlation (McMahon et al., 2014). A satellite image of the study area was acquired with a pixel size of 0.5 m and 322 
panchromatic image was used. The study demonstrated the possibility of successful count of animals with poor contrast against 323 
the background which is useful for other such studies (McMahon et al., 2014). 324 

4. ADVANCED IMAGE  PROCESSING TECHNIQUES  325 
 326 

This section provides details of the studies that use advanced image processing techniques to answer the various research 327 
questions and are grouped as species recognition, animal counting, animal tracking, behaviour monitoring and biodiversity.  328 

4.1.  Species Recognition 329 

Species recognition or classifying a given image into one of the species categories is the most common task in deep learning 330 
and ecological studies. This section describes how the machine learning models can be used for image based species 331 
identification (Wäldchen and Mäder, 2018). Similarity scores based on a three-dimensional model through custom software 332 
were calculated to identify a tiger based on its skin stripes (Hiby et al., 2009). This could be a foundation to develop similar 333 
software for other uniquely striped species (Hiby et al., 2009). 334 

 335 
An automated method was developed for automatic classification of Cichlid fish (500 to 800) species to differentiate based 336 

on colour, stripe, shape of jaw, and body (Joo at al., 2013). The features were automatically extracted and were classified using 337 
Support Vector Machine (SVM) and Random Forests (Joo et al., 2013). Arthropod species identification was performed using 338 
stacked random forests and dictionary learning with boosting (Dietterich, 2009). An algorithm was designed for smart phone for 339 
studying Desert tortoise and Mohave Ground Squirrel animal populations in Mohave Desert (Wilber et al., 2013). The 340 
algorithm was based on Local Binary patterns (LBP) and Scale-invariant Feature Transform (SIFT) for extracting features and 341 
SVM for classification. The data was collected by luring the animals into the field of view.  342 

 343 
An automated species recognition system based on dense SIFT descriptors and cell structured LBP (cLBP) features followed 344 

by classification based on linear Support Vector Machine (SVM) is proposed in (Yu et al., 2013). The study considered over 345 
7000 images of 18 species from two sites and an accuracy of 82% results were obtained. The dataset was unbalanced due to 346 
which species with few representations were removed. To get clear data despite changes to illumination conditions, the animals 347 
were manually cropped from the sequence. The species recognition was based on an improvement to Sparse Spatial Pyramid 348 
Matching (ScSPM) implementation. 349 

 350 
A first study involving CNN algorithm was used for wild animal species recognition by segmenting the camera trap motion 351 

activated images region of interest (ROI) using graph-cut algorithm (Chen et al., 2014). The study annotated a camera trap 352 
dataset of 20 species and compared the proposed techniques against traditional bag of visual words. The performance of CNN 353 
for species recognition was only 38.31% accurate due to limited training data (Chen et al., 2014).  354 

 355 
A pre-trained CNN (ResNet-18) model was trained with a collection of images and then tested on unseen datasets with 356 

97.6% accuracy as the best achieved for images from various camera trap studies (Tabak et al., 2019).  357 
 358 
A fully automated pipeline comprised of face detection, tracking and recognition of wild chimpanzees (P. troglodytes verus) 359 

from video records with over 30 years of video data (schofield et al., 2019).  The evaluation of results between human expert 360 
annotators and the automated pipeline showed that on a frame level identity classification task, expert human scored 42% in 361 
about 55 min whereas the software achieved 84% in 60 ms. Interestingly, the study did not constrain the video data in any way 362 
but the actual raw video with little pre-processing was used (schofield et al., 2019).   363 

 364 
 365 
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The identification of animal species in camera trap images with model training on images classified by citizen scientists at 366 
Zooinverse (zooinverse.org)  demonstrated that enlisting citizen scientists this can substantially cut the effort required by 367 
researchers (Willi et al., 2018). They also investigated how to process small datasets that are difficult to model and to 368 
investigate the accuracy of CNNs in classifying image data by comparing transfer learning and fully trained models. 369 
Classification accuracy was found to be low for animals with less representation in the dataset (Willi et al., 2018).  370 

4.2.  Population Abundance Monitoring/Animal Counting/Density Estimation 371 
 372 

Population estimates can answer relies on accurate species recognition to answer many research questions. Animal counting 373 
can provide insights into population health and the ecosystem (Valletta et al., 2017). A study performed in-situ monitoring of 374 
coral reef fish using multi factorial uncertainty assessment for monitoring population abundance (Beauxis-Aussalet and 375 
Hardman, 2015). The study aims to identify uncertainty factors in video monitoring systems (Beauxis-Aussalet and Hardman, 376 
2015).  377 
 378 

An efficient means for survey design in conservation planning based on spectral signal of remotely sensed images (Mellin et 379 
al., 2012). Distance-based partial redundancy analysis and hierarchical linear models were used to calculate an index for 380 
univariate and multivariate spatial heterogeneity. Both in-situ digital photographs and remote sensed satellite imagery were 381 
used. 382 

 383 
Counting of Wildebeest in thousands of aerial photos can be a very time consuming process (Valletta et al., 2017).   Principal 384 

Component Analysis (PCA) and Random Forest as classifier were used to obtain a good training and predictive performance 385 
(Valletta et al., 2017).  386 

 387 
Automatic localization and animal counting with conservation drones utilising object detection techniques offers advantages 388 

over manual operation on foot or from aerial recordings (Gemert at al., 2014). Object detection for animal abundance 389 
monitoring drones showed promising results with three techniques, exemplar Deformable Part-based Model (DPM), color-390 
DPM and SVM (Gemert et al., 2014). In another study with drones it similarly concluded through semi-automated counting 391 
techniques using SVM, in drone imagery for sea birds to provide more accurate results compared to manual counting (Hodgson 392 
et al., 2018). 393 

 394 
The automated analysis of fish abundance using CNN on underwater videos showed that the performance of the model was 395 

7.1% better than the human expert (Ditria et al., 2020). Deep learning was applied for automatic identification and counting of 396 
animals from a camera trap image database containing 3.2 million images from Snapshot Serengeti dataset, using deep 397 
Convolutional Neural Networks (CNN) (Norouzzadeh, 2018). The accuracy reported for animal identification was 93.8% 398 
highlighting enormous savings in time and effort against manual identification and counting of animal species. The events 399 
considered were where only a single species was present. 75% of the capture events were devoid of animals and also the dataset 400 
was very unbalanced in that there was uneven representation of animal species. The predefined architectures such as AlexNet, 401 
GoogleNet were used and accuracies for different architectures were compared (Norouzzadeh et al., 2018). The attributes for 402 
the animal image, that is, standing, resting, moving, interacting, and whether with young were also inferred to around 75% 403 
accuracy (Norouzzadeh, 2018).  404 
 405 

The image processing techniques were used to identify and count whales in satellite images (Fretwell et al., 2014). They used 406 
both supervised and unsupervised classification to identify and count whale images (Fretwell et al., 2014). The abundance and 407 
distribution of airborne animals can be measured with radar. This has many challenges and requires interpretation and analysis 408 
of radar data (Stepanian et al., 2014). Image processing on radar images comprising simplified steps to recognise animals can 409 
work by setting a background threshold to segregate animals, identify contiguous pixels, and then label them (Stepanian at el., 410 
2014). The weather surveillance radar can provide the biomass movement of birds and bats over large area continuously and 411 
that can help in migratory studies (Schmaljohann, 2020).  412 

 413 
In this first study to count whales, satellite images were used to identify Southern right whales (Eubalaena australis). The 414 

satellite image represented 113 km2 area of a location where whales abound (Fretwell et al., 2014). ENV15 and ArcGIS 415 
software was used with maximum likelihood supervised and unsupervised (isoData and k-means) classification. It was found 416 
that a simple thresholding technique with the unsupervised classification provided the best results. 417 
 418 
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Drones were used to capture images of olive ridley turtles (Lepidochelys olivacea) that were then analysed using CNN for 419 
and demonstrated training on relatively small (N = 944) images (Gray et al., 2018). The manual validation requirement was 420 
shown to be reduced substantially. The CNN model comprised of 4 convolutional layers and the images were divided into 421 
100x100 pixel windows for training the model. 422 

4.3.  Animal Tracking 423 

Animal tracking using video to determine the pose and position is the first step for understanding animal behaviour (Branson, 424 
2014). Automated image-based tracking makes it possible to remotely understand the animal behaviour. Video based tracking 425 
has greater potential. Image based tracking consists of image acquisition, detecting an individual and pose to create trajectories 426 
in succeeding images, and behavioural data analysis. Multiple cameras are needed for tracking in 3D environments (Dell et al., 427 
2014).  428 
 429 

Tracking for terrestrial animals can be done globally using satellite tags and cellular networks which are also helped 430 
enormously by combining the information from many sensors. This can also be used to deduce information about animal’s 431 
interactions and multi-target tracking (Kays et al., 2015). Tracking through computer vision can automate much of laborious 432 
work in animal tracking. The results are provided for ants, bees and monkeys to understand the social behaviour and 433 
interactions (Balch et al., 2006). Initially the system could track only one monkey but was later extended to simultaneous 434 
tracking of 60 monkeys in a 30m x30 m area. Multitarget tracking algorithms have also been described (Balch et al., 2006).  435 
 436 

Animal trajectory tracking to find the degree of motion due to pathology (gastric ulcer) is reported in (Koniar et al., 2016) 437 
using two background subtraction methods based on thresholds and colour matching. The method provided an inexpensive 438 
alternative to Radio Frequency (RF) methods. The methods were tested on caged guinea pigs under various lighting conditions. 439 
Tracking tags can have multiple sensors such as accelerometers, cameras, heart rate, temperature etc. Tracking of multiple 440 
animals leads to new insights into ecology (Kays et al., 2015). An id Tracker system is described that can track unmarked 441 
individuals by recognizing them repeatedly, and can work with fish, flies, ants and mice (Branson, 2014). 442 

4.4. Animal Behaviour/Activity Monitoring 443 

Automatic labelling of the animal behaviour can be performed using computer vision, and can provide better and consistent 444 
results compared to manual labelling (Balch et al., 2006). A review of camera trap studies for animal behaviour is provided in 445 
(Caravaggi et al., 2017) covering the areas of anthropogenic impacts on behaviour, use of behaviour patterns, and considering 446 
behavioural responses in management. Animal tracking can provide insights into the animal behaviour (Dell et al., 2014).  447 
Unsupervised methods can help ecologists as the manual behaviour labelling can be avoided (Dell et al., 2014). 448 

 449 
A review of machine learning applications for analysis of complex animal behavioural data is provided together with three 450 

cases studies. In one case study, a total of 1000 jackdaws across three colonies were fitted with Passive Integrated Transponder 451 
(PIT) and data was collected by recording visit of each bird to a bird feeder. These timestamps were then used to infer the social 452 
networks within the group by applying Gaussian Mixture Model GMM to cluster the data (Valletta et al., 2017). 453 

  454 
Drones could reach quite close without registering a reaction in most cases from mallards (Anas platyrhynchos), wild 455 

flamingos (Phoenicopterus roseus), and common greenshanks (Tringa nebularia) (Vas et al., 2014). By integrating a motion 456 
activated speaker system, the animal behaviour to anthropogenic disturbances was studied in (Suraci et al., 2016). The camera 457 
traps were used for capturing the behaviour through their Automated Behavioural Response system (Suraci et al., 2016). 458 
Similarly, data from multiple sensors were combined considering contextual, spatial and temporal constraints for better 459 
behaviour understanding (Handcock et al., 2009). 460 

 461 
Machine learning techniques, such as, decision trees/rules, neural networks; support vector machines and genetic 462 

programming were applied to the problem of spatial distribution of southern brown bandicoot (Isoodon obesulus) with poor 463 
data. Decision trees and genetic programming gave better results in the context of the studied problem (Shan, 2006). Data from 464 
344 sites was used which was unbalanced and also had some missing values. It was concluded that the dataset used proved 465 
highly resistant to analysis (Shan, 2006). 466 

4.5. Biodiversity  467 

Biodiversity and conservation policies can be guided through habitat models on remote sensed data (St-Louis et al., 2014). A 468 
review of remote satellite sensing for biodiversity is provided in (Wang et al., 2010). The biodiversity in fish species over a reef 469 
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was established using spatial information in digital images signifying the importance of unprocessed remotely sensed images. It 470 
was the first multi-scale study to derive fish biodiversity patterns from a combination of satellite and camera images. Still 471 
images were used from the underwater video surveys. The proposed method of mean information gain (MIG) was used to 472 
measure the fish community structure (Mellin et al., 2012). The Tropical Ecology Assessment and monitoring (TEAM) network 473 
uses methods to collect near real-time data on biodiversity in 17 sites across three continents (Wildlife Insights).  474 

 475 
Camera traps can be used not only for biodiversity measurement but to infer the underlying causes (Steenweg et al., 2017). 476 

These remote cameras can provide estimates of animal populations to help monitor biodiversity at a global scale and inform 477 
questions relating to conservation policy. A global ecological monitoring similar to weather monitoring needs to be deployed 478 
with interconnected ecological sensors. The suggested measures to overcome barriers to setup regional camera trap networks 479 
were standardisation of protocols, automating image processing, sharing and access to data (Steenweg et al., 2017).  480 

5. FUTURE DIRECTIONS AND CHALLENGES   481 
 482 

The recent technological innovations have started to transform the field of ecology similar to other sciences. Following 483 
technological breakthroughs would drive the innovations in the field of ecology. 484 

5.1 Prolonged Image Acquisition Operations 485 

The provision of low power devices with more processing power and longer battery life together with reduced sizes will open 486 
and advance many ways so far unknown or limited for use of such devices. Although camera traps are usually employed to 487 
capture images but videos provide more detailed information (Swinnen et al., 2014). With the miniaturization of camera traps 488 
and animal-borne sensors, it will become feasible to continuously monitor with a high resolution video capture for an event of 489 
interest rather than only recording video at pre-set time or using time lapse images. 490 
  491 

Renewable energy sources have already been used in camera traps for ensuring continuous and autonomous operation 492 
(Nazir et al., 2016) and animal borne loggers (Smith et al., 2011). There are many commercial applications being developed to 493 
prolong system operational time using solar panels. A battery operated solar powered system for continuous operation was 494 
deployed in the field to backhaul live image and video captured off-site over a satellite link (Nazir et al., 2016). Similarly better 495 
battery technologies and solar powered drone will enable large scale ecological surveys.  496 

  497 
With an enhanced operating time for the image capture devices it would become possible to run the image analysis on the 498 

acquisition device (drone or a camera trap) such as species recognition and to communicate back the result of the analysis rather 499 
than waiting for the data to be collected and then analysed. 500 

5.2 Near real-time Information 501 

The captured data is usually acquired through physical access to the device as in the case of camera traps. However, the 502 
communications technologies with a wide choice of communications range, coverage, cost and power requirements have made 503 
it possible to acquire the data in near real-time or periodic basis from the field site.  504 
 505 

Real-time data acquisition from tagged animals has transformed the way information is utilised (Kays et al., 2015; van der 506 
Wal et al., 2015). Technology would soon enable real-time collection of information from the wild (Norouzzadeh et al., 507 
2018).The remote monitoring system provided information backhaul of data, images and videos from the field with the 508 
possibility to connect to the live video feed (Nazir et al., 2016).Camera traps are available that can transmit data about the state 509 
(e.g. battery voltage) and captured images and videos directly. However, in future there would be increased reliance on being 510 
able to change the system parameters and algorithms (Nazir et al., 2017) to meet the change in weather, study requirements or 511 
to capture relevant information, such as video, on detecting an animal presence (Nazir et al., 2016). Similarly drones can 512 
provide live video transmission; the distance from drone to controller was 2.5km (Dahlen and Traeholt, 2017).  513 
 514 

By integrating the sensors and cameras deployed all across the globe, comprising satellite, camera traps, animal-borne video 515 
loggers, and drones, it will soon be possible to monitor the wildlife in real time for animal conservation. 516 

5.3. Drones and Robotics 517 

Robots are important in studies where human presence is not advisable due to the extreme weather, effect on animal 518 
behaviour, dangers from animals, or hostile environment such as deserts, oceans etc. Algorithms from robotics community can 519 
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help researchers to track and understand the social interactions between social animals (Balch et al., 2006). Drone technology 520 
has the advantage that it can be used for image, video and sensor data capture from inaccessible location quite easily.   521 
 522 

Robot is an autonomous platform with locomotion, positioning and sensing capability (Grémillet et al., 2012). These may be 523 
deployed for data acquisition from otherwise inaccessible locations such as subsea terrain, deserts, and caves. The robots in 524 
ecology could change biodiversity sampling, population dynamics, etc. Robots could be released amongst biological creatures 525 
to understand behaviour (Grémillet et al., 2012). 526 
 527 

Drones have many advantages but some challenges need to be overcome that are difficulty in detecting animals with lesser 528 
difference from ambient temperature, difficulty in identifying animals at night, and logistical constraints on import and 529 
performance (Kays et al., 2019). 530 

 531 
Advances in technology will enable remote deployment of multiple agents to a location and then remote controlled or 532 

autonomous navigation to another location of interest. This could pave the way to detect and monitor the rare and elusive 533 
animals. Similarly with underwater camera mounted robots employing various image capture techniques will make it easier to 534 
acquire images. 535 

5.4 Big Data  536 

Big data is commonly defined to have three characteristics as volume, variety, and velocity of data. Big data can provide 537 
valuable insights; however the data deluge could create disdain or lack of interest (Peters, 2014). The use of automatic image 538 
capture techniques for example, camera traps, can generate very large data sets (Caravaggi et al., 2017). Camera trap studies 539 
could generate thousands or millions of images (Yu et al., 2013).  540 

 541 
Extracting information from camera trap images is an expensive and laborious task (Norouzzadeh et al., 2018). The ability to 542 

accurately and inexpensively collect image data through camera trap images and applying deep learning techniques on it for 543 
identification and species count could transform ecology into big data sciences (Norouzzadeh et al., 2018). Consider for 544 
example supervised machine learning techniques that require labelled data. Finding labelled data is a challenge (Weinstein, 545 
2017). With large scale datasets requiring persons with domain knowledge to label data is a difficult task.  546 

 547 
Although the problems in ecology are similar to well-studied problems such as object detection, optimization etc. but the 548 

solutions need to be modified for their application (Dietterich, 2009). For example, predicting 5000 species jointly poses 549 
challenges as more than 12 million interactions could exist between pairs of species, infeasible for estimation even from large 550 
datasets (Dietterich, 2009).  551 

 552 
Millions of images from camera trap and other studies are difficult for the researchers to process. The identification of animal 553 

species in large camera trap datasets can be aided by combining citizen scientists and CNNs that can provide good results in less 554 
time (Willi et al., 2018).  555 

5.5 Advanced Imaging Techniques  556 

The significance of thermal camera is a possibility now but as yet advanced image processing techniques have not been 557 
applied to the thermal images for species identification etc. Animals can be detected in poor contrast and with better satellite 558 
imagery (McMahon et al., 2014), it might be possible to get even better results for elusive species of small size. Better image 559 
resolution and zooming with thermal cameras would make it possible to detect and identify small species (Dahlen and Traeholt, 560 
2018). With satellites, better resolution images with many imaging modalities are available and accessible.  561 
 562 

There are many innovations in the imaging arena that would soon be available for widespread adoption, such as, better 563 
video compression standards, H.265 that can compress to 50% more compared to the same quality of H.264. Thermal cameras 564 
have opened new insights into hard to observe animal but similarly 360 degree, 3D and hyperspectral imaging would provide 565 
new insights into information henceforth inaccessible.  566 
 567 

Better results have been demonstrated by combining the data from more than one sensor (Kays et al., 2015; Nazir et al., 568 
2017). This would become more common and beneficial through opportunities made possible with decreased costs, 569 
miniaturisation, and storage. 570 

 571 
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5.6 Cloud and Edge Computing 572 

Cloud technology provides a platform that makes available an unlimited storage, processing and networking capability at 573 
much reduced costs and at a global scale. The major cloud vendors are Amazon, Google and Microsoft with each providing pre-574 
trained machine learning models that are readily available to be used. Based on the current trajectory of cloud adoption, and the 575 
ever increasing requirement of ecological applications of data processing and storage, it provides an ideal platform for storage 576 
and processing of collections of millions of images.  The potential of suitably trained deep learning models is promising for 577 
real-time identification and analysis of ecological data. 578 
 579 

With the availability of cloud resources and improved communications technologies, the data can be uploaded from the field 580 
devices (camera traps, drones etc.) directly to the cloud platform, which can then be processed and results disseminated to 581 
concerned stakeholders in near real-time. The only hindrance if at all to establish such a data and processing pipeline is the 582 
communications technology from the field to the cloud where again better alternatives are becoming available. 583 

 584 
Edge computing is an enabler for many technologies and provides a quicker response time by making the storage and 585 

processing capabilities available closer to the low power devices. Thus the low power devices can upload the images and video 586 
for further heavy processing. This would potentially affect the ecological research in a big way by providing rapid response, 587 
increased technology adoption and informed research.  588 

5.7 Deep Learning   589 
 590 

Deep learning has already made it possible to have results similar or better to those of expert humans in animal classification 591 
at the fraction of cost and time. The use of deep learning approaches will not only increase in species recognition (Waldchen 592 
and Mader, 2018) but also for the other data processing challenges facing the ecologists. Using transfer learning, the heavier 593 
data processing of training a model can be done on a powerful computer and the trained model can be used for prediction.  594 
 595 

It is now possible to run deep learning with TensorFlow Lite and TinyML on the embedded platforms or the low end 596 
devices. The field of deep learning is also progressing and better models are available. The animal classification requires 597 
labelled data that is an onerous task for the supervised learning mostly used for classification. The other branch of deep 598 
learning, that is unsupervised learning and reinforcement learning is also useful but have not been exploited much yet. Deep 599 
learning models can also automatically provide contextual and semantic information as textual description based on the 600 
information in the image. 601 
 602 

Good results with clean data have been achieved for image classification with deep learning. A challenge is to develop 603 
models that would work well on challenging sets of images with poor resolution and illumination for animal biometrics 604 
(Schofiled et al., 2019). 605 
 606 

5.8 Data Sharing, Dissemination and Collaboration 607 

Long Term Ecological Research (LTER) project (https://lternet.edu/site/) has been running since 1980 and currently has 28 608 
sites with the datasets available online. Such data sharing can progress the research frontiers. There is in general a need for data 609 
sharing and dissemination beyond the lifetime of the project. Data management and knowledge discovery for ecological 610 
informatics provides five case studies covering ecological informatics evolution to meet the challenges in ecology besides 611 
describing relevant and important topics in data management (Recknagel and Michener 2018). 612 
 613 

Making a device hardware or software open source can help the research community to take the work forward and improve 614 
on the earlier work. Open source device such as camera trap (Nazir et al., 2017), and an OpenDropOff unit for animal-borne 615 
devices (Rafiq et al., 2019) can benefit the whole community of researchers. 616 
 617 

There is a need for interdisciplinary collaboration to help tackle the problems and issues. The need of collaboration between 618 
data scientists and ecologists would help tackle the enormous amount of data that gets collected but never gets analysed due to 619 
limited resources (Farley et al., 2018). Similar collaborations between ecologists and computer scientists and remote sensing 620 
specialists would aid the interpretation of satellite imagery. 621 

 622 
 623 
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6. CONCLUSION 624 

The ease of deployment of digital devices to gather ecological data has resulted in a data deluge, emphasizing the need for 625 
use of technology not only to gather data but to process and interpret it. This paper provides information on how the image 626 
acquisition and processing technologies are facilitating and transforming the ecological methods and processes. We describe the 627 
image modalities and various image acquisition technologies. We also provide coverage of how deep learning techniques are 628 
aiding to help recognize and categorize animal autonomously. These provide much improved results for computer vision 629 
compared to low level techniques employed earlier. 630 
 631 

Ecological studies have seen an emergence of deep learning model utilisation. However, much more needs to be done before 632 
use of these technologies becomes commonplace and can be successfully applied to ecological studies. In future the complete 633 
data pipeline from sensing and acquisition in the field to data analysis and inferences would become automated enabled and 634 
powered by the cloud technology. 635 

 636 
There is greater need for computer scientists to collaborate as ecology moves to become a data-driven science (Dietterich, 637 

2009). The collaboration between ecologists and computer vision researchers are important and can benefit areas such as 638 
automation of image analysis (Weinstein, 2017). However, these collaborations are generally restricted to a project only but 639 
have potential to be more widespread. The ecological challenges can be addressed in collaboration between computer scientists 640 
and ecologists to develop customised computational tools (Dietterich, 2009). 641 

 642 
At a broader scale, considering the importance of ecology for climate, food security and environment, there is an emergent 643 

need for collaboration between the various research bodies to increase awareness, monitor, and effect improvement. Such 644 
collaborations bring together expertise in specialist domains that would spur new insights and understanding for the sustenance 645 
and betterment of all life forms on the planet. 646 
 647 
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