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Abstract: In South Africa, it is a common practice for people to leave their vehicles beside the road when
traveling long distances for a short comfort break. This practice might increase human encounters with
wildlife, threatening their security and safety. Here, we intend to create awareness about wildlife fencing,
using drone technology and computer vision algorithms to recognize and detect wildlife fences and associated
features. We collected data at Amakhala and Lalibela private game reserves located in the Eastern Cape
province of South Africa. We used wildlife electric fence data containing single and double fences for the
classification task. Additionally, we used aerial and still annotated images extracted from the drone and still
cameras for the segmentation and detection tasks. The model training results from the drone camera out-
performed those from the still camera. Generally, poor model performance is attributed to (1) over-decom-
pression of images and (2) the ability of drone cameras to capture more details on images for the machine
learning model to learn as compared to still cameras that capture only the front view of the wildlife fence. We
argue that our model can be deployed on client-edge devices to inform people about the presence and
significance of wildlife fencing, which minimizes human encounters with wildlife, thereby mitigating wild-
life—vehicle collisions.

Keywords: detection, segmentation, roadkill, wildlife-vehicle collisions, wildlife fencing, tourists safety, tour-
ists security

1 Introduction

Wildlife fencing systems are popular in Africa and used extensively to minimize wildlife-vehicle collision
(WVC) cases [1]. The fences are advantageous since they reduce (1) threats to wildlife from direct human
activities, (2) conflict between people and wildlife, and (3) zoonotic diseases [2]. Fences can also bring about
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challenges, particularly when they are (1) too low, enabling wildlife to jump over easily; (2) or have loose wires
and/or wires spaced too closely together; and (3) are difficult for fleeing animals or birds to see, creating a
barrier to wildlife [3]. Barriers of fences to wildlife are (1) limiting foraging opportunities, (2) interfering with
connectivity, and (3) failure to easily find new social groups [1]. This study captures wildlife fences from South
Africa’s national routes (N2). The implemented fences are either double or single wildlife fences, and the
reserves are fenced following South African laws and regulations [4]. The implemented wildlife fences are: (1)
single and double fences without electricity, meaning no dangerous animals on the property (i.e., game
reserve); (2) the double fences ensure double protection for escaping wildlife from accessing roads. The
property owners would have time to rescue the animal before it runs through the highway fence, and (3)
the single and double fences can also be electric, meaning that dangerous animals such as lions (Panthera leo)
and leopards (Panthera pardus) exist in the property, and road users’ are expected to be aware of such while
using roads.

Taking extra precautions when traveling on national roads might lead to a reduction of WVC cases and
human deaths. The death rates on highways are worrying in Sub-Sahara Africa [1,5] and South Africa [6]
because of the high numbers of roadkills on highways [7]. In addition, the lack of awareness about the
presence and absence of wildlife near national roads could prompt road users to come out of their vehicles
for a short comfort break, making them vulnerable to attacks from dangerous animals that have escaped the
fenced property. Generally, the high numbers of WVC continue escalating with extreme cases recorded in both
developed [8-10] and underdeveloped [5,6,11] countries. These elevated collisions have damaged properties,
wildlife, and human lives and are very costly to the economy [12]. Identifying ways to minimize these roadkill
cases is paramount. Lately, authors are solving this issue by using modeling and prediction [7] and traditional
systems such as overpasses, underpasses, and fencing [13]. On the contrary, intelligent systems using sensors
have also been deployed on highways in developed countries to minimize wildlife mortality rates [14]. The
intelligent systems are break-the-beam [15], area cover [16], and buried cable [17] wildlife detection systems.
The intelligent systems detect the presence of wildlife and alert the driver about wildlife on the road before a
driver arrives at or near the WVC area.

Detecting WVC incidences is well attempted in the Northern hemisphere using intelligence systems. In
other studies, WVC location detection using classification and clustering algorithms has failed to show accep-
table results [18]. These challenges are solved using time series analysis linear models such as autoregressive
integrated moving average (ARIMA) and autoregressive moving average, which have outperformed state-of-
the-art models [19]. So far, work on WVC prediction and time series analysis is ongoing [20,21], and witnessed
in Africa and South Africa [7,22]. However, findings show that these ARIMA models have some shortcomings
that need to be addressed, and a research gap still exists in this area for future researchers. Some of these
shortcomings are the failure to detect a false presence (or absence) of roadkill location and bias in spatial road
mortality patterns. Due to weaknesses in previous techniques, especially those applicable in South Africa [14]
in detecting roadkill areas, we propose and use a novel technique that could alert drivers of the presence of
wildlife using a traditional fencing system and computer vision techniques to detect wildlife fences and
wildlife fence features. This work is twofold: (1) we classify and recognize if a wildlife fence is a single or
double fence, and (2) to minimize noise, we segment wildlife fence insulators as an approach that detects
electric wildlife fences.

In this study, we associate areas with wildlife fences and wildlife fence insulators as unsafe for people to
get out of their vehicles, and drivers should proceed cautiously. Avoiding human encounters with wildlife and
WVC incidents helps alert residents and tourists about the safety and security of a neighborhood, which
contributes to improving visitors’ safety and minimizing WVC cases. We want to eliminate WVC cases using
a cost-efficient yet reliable alternative to intelligence systems. We do this by feeding the annotated insulators
and their corresponding masks to the U-Net model and fine-tune and concatenate U-Net output prediction. The
predictions are then fed into OpenCV to detect insulators on wildlife fences. In addition, single and double
fences are input in a classification algorithm to recognize fences. The U-Net, together with OpenCV, is char-
acterized by less cost, high-level efficiency, and huge economic benefits [23]. U-Net is a popular segmentation
algorithm used in medical imaging [24]. This architecture is adopted in this work to identify and detect areas
where the wildlife fence electrocution and roadkill of wildlife are popular. OpenCV is known as a platform-
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agnostic library used to develop real-time computer vision applications. The platform focuses on processing
images, captures videos, analyzes them and finally detect faces and objects [25]. In addition, classification
techniques applied to wildlife fencing are convolutional neural networks (CNN) and ResNet. The data collected
for this study comprises two datasets, namely, aerial and still images. In this article, we assessed the prospect
of using still and aerial fence images to minimize wildlife encounters with humans and therefore improve
safety and security of tourists and residents. Our specific objectives were to (1) determine whether wildlife
fence and electric fence insulators extracted from still and aerial images could be used as indicators to alert
the presence of potential WVC areas, (2) determine whether the image and associated concatenated mask fed
as input to a machine learning algorithm can detect electric fence areas with and without insulators, (3)
determine whether the wildlife fence images fed in a classification algorithm can recognize single and double
fences, and finally, (4) determine whether OpenCV would detect the electric fence regions with insulators
segmented by the machine learning algorithm. Given that wildlife fences and also insulators are unique
features on South African highways, we predicted that they would serve as a reliable indicator of informing
tourists and citizens about the possible presence of wildlife in the vicinity by sending alerts. This is significant
because it detects wildlife fences in real-time, contributing to mitigating WVC and improving tourists’ security
and safety around game reserves. Additionally, each time a driver detects possible WVC areas, the client
should allow them to save the fence image and global position system (GPS) coordinates. The dataset can
further be incorporated into maps or GPS to predict possible WVC areas and alert drivers on the presence of
wildlife on highways via GPS. Alternatively, this algorithm can be deployed in self-driving cars. The images
captured by drivers should be used to retrain the model and improve performance via reinforcement
learning. Argumentatively, the proposed approach has not been applied before in detecting wildlife fences
to mitigate WVC.

The structure of the work is as follows: Section 2 discusses tourists’ security and safety issues as well as
strategies to minimize the issues, existing techniques for detecting WVC areas and proposes a new technique to
detect WVC areas, and finally, WVC prevention. Section 3 discusses the structure of a wildlife fence and the
associated components. Section 4 discusses the study’s materials and methods. Section 5 discusses the deep
learning models used and optimization. Section 6 discusses the evaluation metrics. Section 7 provides the
model experiments and results, and Section 7.5 discusses the significance of the results, while Section 8
proposes future works and concludes the study.

2 Relevance of the work

2.1 Tourist security and safety

Tourism is a competitive business, with a core objective of attracting tourists and consequently influencing
their tourism destinations. A tourism destination is a specific location that contains attractions that improve
visitors’ travel experiences [26]. In South Africa, the competitive advantage of the tourist sector is popularly
backed by science, technology, information, and innovation. The conservationists in this country focus on
managing natural resources by creating innovative solutions that contribute to fostering tourist destinations.
In this regard, South Africa has a well-connected network of 6.3% national parks and private nature reserves
[27]. The latter trend is great because it meets the demands of environmentally sensitive visitors. Even though
a conducive environment is implemented for tourists in most of these parks, several factors limit the tourism
industry’s effectiveness in South Africa, including (1) fewer funds allocated to the tourism sector; (2) limited
merging of local communities into tourism; (3) inadequate education, training, and awareness concerning
tourism; and (4) tourism security and safety. These challenges discourage potential tourists from visiting South
Africa, negatively reducing tourism demand and leading to low tourist destinations. To minimize the chal-
lenges, the Western Cape government of South Africa implemented a six-leveler strategy for tourism safety,
and these are: (1) a tourism safety forum, which forms a formally structured, multi-stakeholder, and
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collaborative safety forum,; (2) establishing a multi-stakeholder enforcement task team; (3) provision of tourists
safety response by providing assistance and supporting tourists while in distress; (4) to identify and develop
tourists safety and security technology platform that can act as an enabler to help address and solve core
tourists safety risks; (5) to develop a tourism safety comprehensive communication strategy that integrates all
important stakeholders; (6) tourism safety interventions and partnerships by identifying synergies that enable
funding of cross-platform initiatives and skills developments. Our work implements strategy four of the
Western Cape government, one of the provinces of South Africa, which proposes to innovate a technology
platform that helps address tourists’ safety and security risks [28]. We note that tourism security is a major
constraint to overseas tourism growth. Safety and security considerations are important aspects of increasing
tourism destinations in a country. The success or failure of the destination of tourists depends on the possi-
bility of providing a safe and secure environment for visitors [29]. This study seeks to improve the safety and
security of tourists on highways by intervening using artificial intelligence algorithms to minimize wildlife
encounters with tourists. Tourists on South African highways need to be made aware of the presence of
wildlife fences because some visitors tend to get out of their vehicles near demarcated wildlife places to enjoy
the scenery with no idea that some places have dangerous wildlife. Argumentatively, the machine learning
algorithms developed in this study can be incorporated into maps and deployed on car dashboards or
driverless cars to automatically detect a wildlife fence and record and save the GPS coordinates and other
parameters. The purpose of this work is to inform tourists of the presence of wildlife and wildlife fencing,
providing security by minimizing encounters between wildlife and tourists, which finally leads to the mitiga-
tion of WVC.

2.2 Wildlife roadkill area detections

Roadkill areas vary, spatially and temporally [30]. Researchers in developed economies use intelligent animal
detection systems (ADSs) [15-17, 31-44] to detect roadkill areas. These systems are usually costly, and unafford-
able to African governments, thus, limiting their implementation in Africa. Popularly, in time series analysis,
the roadkill areas are detected using latitude and longitude coordinates collected by researchers and highway
maintenance personnel. However, these detected roadkill areas tend not to align well with sites of most
serious animal crossing attempts due to imperfect detections [45]. To address the weakness of imperfect
detections and the failure of African governments and organizations to implement a cheaper and novel
approach for mitigating WVC, we propose and design an artificial intelligence mitigating strategy using
classification and segmentation techniques to detect wildlife fences and their associated features called
insulators in WVC locations. The algorithms can further be deployed on client-edge devices to assist drivers
in detecting fences when driving the car. The camera can see the wildlife fence image and save the GPS
coordinates. Further, such a dataset can be integrated into maps and GPS satellites to predict and visualize
future WVC locations to drivers’ devices far away before they arrive at a WVC location. Such solutions should
be ethically aligned to ensure no harm is caused to animals and humans [46].

2.3 WVC prevention

The WVC is a global problem that has escalated in developed and developing countries. United States registers
1,500,000 WVC cases, and Canada experiences the death of 4-8 animals per day [8]. In South Africa in 2015, the
greater Mapungubwe transfrontier conservation area record shows 36 and 991 WVC on unpaved and paved
roads, respectively [6]. To prevent WVC, mitigation measures are implemented. These are overpasses, under-
passes, wildlife fencing, break-the-beam [15,31-34], area cover [15,16,31,35-38], buried cable [17,39,40], driver
assistance [41], autonomous vehicles [42], and mobile mapping ADSs [43,44]. Intelligent systems are popular in
developed countries and these are not implemented in South Africa.
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In this study, we propose and implement a novel mitigation measure that is suitable for the South African
economy. It is cheaper and uses existing client-edge devices such as car dashboards and mobile phones. The
measures use wildlife fencing, drone technology, classification, and segmentation algorithms to detect wildlife
fences and the associated features. The algorithm can be incorporated into maps to detect fences and alert
tourists and drivers about wildlife fences on highways. This approach improves the security and safety of
tourists and wildlife. In addition, it mitigates WVC.

3 Wildlife fencing

Wildlife mortality rates are prevalent in places without traditional mitigation roadkill structures such as the
wildlife fences [22]. Even in areas with implemented wildlife fencing systems, the wildlife persistently jumps
over the fence and collides with cars leading to more cases of WVC [47]. Engineers have adopted the installa-
tion of electric fences to help mitigate the alarming WVC cases. In designing electric fences, they use a stand-
alone fence or in conjunction with other fence types [48]. In most applications, the fences contain energizers
that use batteries recharged from solar panels or wind turbines [48]. The fences also contain high-tensile
electric wire fences with wooden, metal, or plastic stands (insulators), as shown in Figure 1(a). For an electric
wire to work effectively, it requires a set of components such as a charging system, power source, regulator,
energizer, earth system, conductor, reels, posts and stakes, and insulators. The plastic standoffs (insulators) are
attached to wooden, metal, or plastic posts [48].

The charging system or power source is composed of the solar panel and wind turbine as shown in
Figure 1 (c) and (b), respectively. We note that the wind turbine has a generator and an oscillator that converts
the mechanical energy generated by wind to electrical energy. Power is generated by solar panels through
converting sunlight into electricity. Another power source is the battery charged by the solar panel or wind
turbine. These two charging systems (wind turbine and/or solar panel) produce the voltage and store it in the
battery. The stored energy is later used in case of limited energy. The black cable from the wind turbine or
solar panel carries or transmits the voltage to the regulator.

The regulator, which is a white box on the left in Figure 1(b) near the solar panel and Figure 1(c) near the
wind turbine, controls the voltage needed to stop the animals from jumping over the fence (this may result in
fatalities if animals are not rescued on time). For example, assume that the wind turbine generates 50 volts or
10 volts, and if the system needs 24 volts, the regulator will reduce the volts from 50 to 24 volts or increase the
volts from 10 to 24 volts. The volts from the regulator are transmitted to the energizer (three white boxes)
shown in Figures 1(a)-(c) through the black cable. The energizer has an earthing system composed of blue and
red cables, which allows the transfer of electronics to and from the fence. The energizer achieves the former by
pushing an electrifying pulse through the red wire to the fence; the pulse travels through the conductors and
puts pressure (measured in volts) on the fence to attain excess electrons. These electrons complete the cycle by
traveling through the animal up to the soil whenever an animal touches the fence. The electrons exit the
animal and travels through the ground back to the energizers’ ground rod (blue cable). The blue cable contains
the shock effect. The shock effect is invoked when an animal stands on the ground and touches electrified
wires; this shock enables the animal to leave the fence, hence preventing electrocution.

Conductors or wires are equally an essential component of the fence as they conduct electricity along the
fence line. Some examples of a conductor are steel wires. Also, reels are known for reducing the required time
to dismantle a fence. A wildlife fence commonly adopt using wooden posts with attached insulators which
prevent the conductor or wire to stay in contact with the posts or stakes, which minimizes the risk of power
leakage [49]. A good insulator is vital in maintaining the fence’s performance. In this study, we use wildlife
fences and insulators, a feature of a wildlife electric fence, to represent possible WVC areas where there is a
concentration of wildlife. We feed the annotated insulators and their corresponding masks to the U-Net model,
fine-tune, and concatenate U-Net output prediction. Next, the predictions are fed into OpenCV to detect
insulators on wildlife fences.
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Figure 1: Structure of wildlife fence showing how electric fence works with components such as in (a) as well as in the solar panel (b) and
in wind turbine (c). Source: Created by the authors.
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4 Data collection and annotation

4.1 Study area

We took the images used in this study at Amakhala and Lalibela Private Game Reserves located in the Eastern
Cape province of South Africa (Figure 2). These game reserves are located on the highways on a flat and low
terrain surrounded by green vegetation. We captured images of the experimental site using a drone and still
cameras. To capture aerial images, a DJI Phantom 4 Pro UAV drone was used, and Nikon Z6 Mk 2 still camera
helped in capturing still images. The Nikon Z6 Mk 2 contains a 24.5MP FX-Format BSI CMOS Sensor, and Actual:
25.28 Megapixel, with effective: 24.5 megapixel (6,000 x 4,000) ISO 100-51200, and contains in-body 5-axis
vibration reduction sensor which incorporates a 273-point phase-detection AF system, mechanical focal plane
shutter, electronic shutter, with the image file format is RAW. The UAV has a 1 20MP CMOS sensor, with a
gimbal-stabilized 4K60 20MP imaging, Ocusync Transmission, flight autonomy with redundant sensors, it
operates in five directions of obstacle sensing, and four directions of obstacle avoidance, with a maximum
flight time of 30 min, and hovering accuracy +£0.98’/0.3 m and horizontal with vision positioning +0.33’/0.1 m. In
addition, it has a vertical with vision positioning and still image support — DNG. The highest flying height we
went with the drone was 204 m.

. Legend
South Africa )
Limpopo ! Sampling points
T - Road Network
bl | |
RivaZulu-Nata
-

Nothern Cape

9,

)ﬂ/é Lalibela Game Reserve

EASTERN CAPE

Amakhala Game Reserve

0 1.25 25 5 Km
L 1 1 1 | 1 1 1 |

Figure 2: The Amakhala and Lalibela game reserves, Eastern Cape Province, South Africa, showing sampling points in green. Source:
Created by the authors.

4.2 Data acquisition

The data collection comprised three co-authors and one UAV pilot who captured the aerial and still photo-
graphs. The photographers captured scenes of wildlife fences based on the research objective. Researchers
stated the key features to focus on while photographing the wildlife fences. The data collected contains 52 and



8 —— Irene Nandutu et al. DE GRUYTER

159 images from the drone and still cameras, respectively, as shown in Table 1. For both devices, we stored the
photos in .jpeg format. Aerial images contain a height of 5,904 and width of 3,933 pixels. Still, images have a
height of 5,904 and width of (3,928 or 3,936) pixels. In both image datasets, we observe very high-resolution
pixels.

Table 1: RAW data collected on wildlife N2 fence and used for data augmentation

Dataset name Camera type Fence type Images Description

Aerial dataset Drone Single fence 26 Single fences from drone camera
Double fence 26 Double fences from drone camera

Still dataset Standalone Single fence 79 Single fences from standalone camera
Double fence 80 Double fences from standalone camera

Total 21

4.3 Data preprocessing and annotation

The images were in image file format — RAW. This file type is uncompressed and commonly captured by digital
cameras and sensors. We processed the images from RAW files to JPEG file format using Adobe Photoshop to
convert the format and filter the converted images, totaling 211 from UAV and standalone cameras.

For the classification task, the images were compressed to equal dimensions of 512 pixels by 512 pixels. In
both datasets, the images were saved in separate folders. The still dataset contained images captured by the
standalone camera; the drone captured aerial images of wildlife fences from the sky. The drone camera images
used in this study were 26 from the single fence and 26 from the double fence. We had 159 images from a
standalone camera containing 79 single and 80 double fence images (Table 1). In Figure 3, we visualize a
random sample of images from our dataset and deploy it on mendeley [50]. Because of a few samples, there
was a need to expand the training image size to improve model accuracy. Techniques of data augmentation
were implemented in the training dataset sample. The techniques made variations to the training sample,
avoiding overfitting, and increasing robustness [51]. Data augmentation transformations applied in this study
include horizontal flips, vertical flips, random crops, and a small Gaussian blur of approximately 50% of the

single_fence

double_fence

double_fence

=

single_fence single_fence

double_fence

double_fence single_fence

Figure 3: Random samples from wildlife fences datasets for Classification Task [50].



DE GRUYTER Enhancing highway security and wildlife safety == 9

total images sample with a random sigma of between 0 and 0.5, strengthening or weakening the contrast in
each image. We also added some Gaussian noise per pixel and channel by sampling only 50% of all images; this
can change not only the color but also the brightness of the pixels. Further, we brightened and darkened some
images by sampling 20% of the images of all cases. Each channel is sampled with the multiplier, which leads to
the changed color of the images. Finally, affine transformations are applied to each image by scaling, zooming,
translating, moving, rotating, and shearing them. All the augmentations performed were applied randomly.
From Table 1, 15 Images (from aerial) and 47 Images (from still) were removed and kept aside as a test set; later,
the images were used for testing the model. The remaining images in Table 1 were augmented to generate the
training and validation sets in Table 2.

Table 2: Data augmented and used for training machine learning models

Dataset name Camera type Fence type Images Total Train Validation Test (from Table 1)
Aerial dataset Drone Single fence 75 150 135 15 15
Double fence 75 150 135 15 15
Still dataset Standalone Single fence 237 474 427 47 47
Double fence 237 474 427 47 47
Total 624 1,248 1,124 124 124

For the segmentation tasks, the original JPEG images have high-resolution pixels as described in Section
4.2. In our observations, the wildlife fence images contain a lot of noise, such as grass and trees, compared to
the fence itself. Besides, these images are enormous for machine learning models to process. To minimize the
noise, we cropped out noisy parts of the images to 512 x 512 pixels. The sliced images obtained contained both
images with no insulators (noise) and images with insulators. We discarded images with only noise and
retained images with insulators, as shown in Figure 4, where we input the original images and output the

Discarded images 5 ° B I

with out insulators —
5904 x 3933 pixels

Split and crop the input
images to 256 small
images with 512 x 512
pixel dimensions

Saved images
with insulators

Figure 4: Split the original image into smaller images of 512 x 512 pixels. Discard images with no insulators and retain images with
insulators for further processing [50].
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cropped images. For each original image, we reshaped it to obtain an equal dimension image size for easy
cropping into smaller images, which were easily processed by the U-Net algorithm. We then sorted the photos
into positive and negative regions. Further, we keep the positive regions for further processing and discarded
the negative regions.

To build the ground truth mask of the insulators, we used the Visual Geometry Group (VGG) Image
Annotator (VIA) [52]. The VIA was used to define regions and textual descriptions of the regions. The annotated
images were saved in a .json extension file containing the coordinates of the insulators. In this task, each sliced
image of a wildlife fence insulator was annotated to label insulators as positive regions. The rest of the objects
in the image were labeled as negative regions. The positive regions were identified as 1, and the negative
regions were identified as 0, which gave us a gray-scaled image as an output or binary mask. The results from
the annotations were image masks for each insulator found on the wildlife fence. Since VIA output had smaller
images with a single insulator, to reconstruct a larger image containing all insulators in an image, we con-
catenate them, as shown in Figure 5 and Algorithm 1.

Figure 5: Input the sliced 512 x 512 pixel image for annotation to generate individual masks for each insulator in the image, later we
combined the individual masks to resemble the original image [50].

The generated pairs of 512 x 512 pixel image masks with associated original images, as shown in Figure 5
were fed into a neural network for model training and fitting to learn to find the positive regions
(insulators) on the wildlife fence images. The annotated images are shown in Table 3, including 447
and 686 aerial and still images, respectively, extracted from single and double fences. These are split into
training, validation, and testing sets. Both datasets contain 80% samples for training, 10% for validation, and
10% for the test.

Table 3: Data reconstructed after slicing, containing images with insulators and annotated masks fed as input to the U-Net model

Dataset name Images Description

Aerial dataset 447 Wildlife fences insulator images and masks from drone camera
Still dataset 686 Wildlife fences insulator images and masks from still camera
Total 1,033

Figure 6 shows all the processes described above, i.e., from fieldwork for data collection, to the imple-
mentation of the recognition and detection models then the testing from field data.
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Figure 6: Proposed methodology: The process shows the proposed pipeline from the recognition and detection implementation to the

test from field data. Source: Created by the authors.
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Algorithm 1 An algorithm for image annotation and mask concatenation

Cropped mask <Gy,
Combined cropped mask <CCp,
positive regions <&
Input: <5,
Output: <Cp, CCy
foreach B €{1,2,3,4,5,6, ...n} do
if B. == 512 x 512 pixels then
Annotate B. < Gy, CCn
else
if C;, == 1 then
width, height = Gy,.size
Cn = width, height
Cn==h
return G,
else
if C;, > 1 then
total_width = Y (width)
total_height = max(height)
CCp = Cp. new(total _width, total_height)

CCn ==k
return CC,
end if
end if

end if end for

5 Deep learning and optimization

5.1 CNNs

CNNs have input and output layers, with hidden convolutional layers, pooling layers, and a fully connected
layer placed in between. The layers are composed of neurons that contain learnable weights and biases. Each
neuron takes in respective inputs, computes a weighted sum by passing it through an activation function, and
returns an output [53]. The CNN’s are used to classify images by learning intrinsic image features, clustering
these images by similarities, and finally, performing object recognition. A CNN takes in images as input and
allocates importance by applying the learnable parameters (weights and biases) to several features in the
image, and by doing so, it can differentiate one image from the other [54].

5.2 Transfer learning ResNets

This study leverages transfer learning using the wildlife fences dataset. An approach is known for developing
novel applications in image classification, detection, localization, and segmentation tasks. In attempting to
improve the performance of CNNs, a transfer learning approach was introduced. Transfer learning technique
in machine learning is when we pre-train a model on a given dataset and then re-used it as a building block in
a related task [55]. Transfer learning has registered successfully in many applications in machine learning,
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including image classification [56], image localization and detection [57], as well as image segmentation [58],
and has led to the development of CNN models that offer a much greater performance [55,59]. Examples of
large transfer learning models include VGG, GoogleNet (Inception), and Residual Network (ResNet). In this
study, we adopted ResNet50 architecture because of its power of skip connections that eliminates the van-
ishing gradient problem. We draw upon these works during model development and tuning hyperparameters
when fitting the training data to each binary classification model, as it suggests overfitting is a common issue
when transferring learning to validation and testing sets. The ResNet was developed to overcome some
challenges experienced when using the initially created transfer learning models. These common challenges
include problems with degradation, network optimization, and vanishing or exploding gradient issues. The
ResNet50 model uses the concept of shortcut or skipping in the CNN to carry out the task [60,61]. ResNet has
shown great performance when applied to computer vision tasks.

5.3 U-Net for segmentation

The architecture of the U-Net network consists of an encoder (downsampler) and decoder (upsampler) with a
bottleneck connecting the encoder and decoder [24]. Skip connections join encoder outputs to each stage of the
decoder. The decoder or contracting path contains a convolutional network with alternating convolutions of
3 x 3 followed by the ReLU activation unit as shown in equation (1) and max pooling operations as shown in
equation (2). Each stage had an increasing number of filters, and the dimensionality of the features was
reduced because of the pooling layer. Later, more features were extracted by the bottleneck. Finally, the
expansion path or the decoder expanded the output resolution by upsampling the features using 2 x 2 up-
convolution back to the original image size as shown in equation (3). To localize the object of interest and
features upsampled, the expansive path concatenated them with high-resolution features from the contracting
path through skip connections by cropping and concatenating the features. At each upsampling level, we took
the output of the corresponding encoder or contracting path and concatenated it before feeding it to the next
decoder or expansion path. Two 3 x 3 convolutions and ReLU activation during upsampling were used. The
final stage applies an additional convolution of 1 x 1, which reduced the feature map to obtain the required
number of channels and finally produces the segmented image as shown in Figure 7. During the expansion
path, the cropping of images makes the image lose contextual information, leading to a network resembling a
u-shape. More importantly, it generated contextual information along the network, enabling the network to
segment objects in an area by overlapping areas, outputting a pixel-by-pixel mask showing the class of each
pixel

by = ReLul > D Wijki auiysik + €, @
ijei-101} k
byyk = Max (Apizy+jik)
X.y, e i,2y+j,k ) 2)

Z Zwi,j,k,l “ Ay tCs 3

ijel01} k

boy+iy+i1 = ReLu

where c is the bias vector, w is the weights matrix, a is the input feature map, and b is the output feature map.
Here, x is the width, y is the height, k are the features index, and [ is the depth of image.

5.4 Optimization via meta-learning

We adopted the transfer learning and a meta-learning type of optimization because we had a small dataset.
The idea of finding the optimized deep models ¥(9, -) that could be efficiently tested on a small dataset using
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Figure 7: U-net architecture has arrows that shows the direction of the different operations. Feature maps are represented at each layer
using the blue boxes. Cropped feature maps are in the light gray boxes. The gray boxes are from the contracting path and dark gray
represents the output image channels. Source: Re-created by the authors [24].

meta-learning is as follows. From the basic optimization problem, we want to minimize a loss function
Ly, ¥(6, X)), which uses the cross-entropy for classification problems

Ly, ¥(,X)) = —Zyi log®(6, X)), )

where the vector y with components y, are know expected predictions, and the vector X with entries X; are
features network inputs. Assuming a sampled task, 7 ~ p(7) from the distribution of tasks, p(7). Split the
entire dataset into training, validation, and testing sub-datasets and randomly choose some N samples of
labels from each of the classes and sequentially update the model weights vectors 9,~j :

el-j = Gi(j_l) - av@zL(yS,-’ lp(e) Xsi))’ (5)

where a is the learning rate, yg and Xg, are the expected input predictions sub-vector and input features sub
samples elements of the support set S. Note that 6 = 0. After the update of task-specific weight 6/, the update
of 8 now properly follows:
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0<0-p% ) LOq, ¥O Xa))- ®)
Q€T
Here, B is the learning rate, y,, and Xq, are the expected input prediction and feature vector elements of the
query set Q. It can be seen that the update of 6 is an average of the objective function defined in equation (4)
across the query set samples.

6 Evaluation metrics

6.1 Confusion matrix

The study focused on solving a binary classification problem by evaluating the optimal solution that predicts
whether the wildlife fences are either single fences or double fences based on the characteristics of the wildlife
fences. The evaluations were done during training and considered confusion matrix [62].

lgnpl _ tp
lgupl tp+fp+fn’

where tp stands for true positive, fp for false positive, and fn for false negative. Further, we compute the Mean
Intersection-Over-Union (MIoU), a commonly used evaluation metric in determining the segmentation per-
formance of an image [63]. The metric was computed as follows:

1¢ tp;

MloU=—-) ——,
ngltpj +fo; + fry

)]

Intersection over Union =

8

where ¢ is the total number of classes, and IoU always ranges between 0 and 1. The ideal performance is 1,
which means that the prediction is the same as ground truth values and vice versa for 0. When the intersection
area is larger, IoU will be close to 1.

2x|gnpl _ 2tp

lgl +Ipl  2tp + fp + f’
where |g] and |p| are the number of elements in g and p, respectively, and the symbol N represents the
intersection of two masks:

Dice similarity coefficient(g, p) = 9

tp +jn
Accuracy = L, (10)
tp+fp+fn+tn
Recall = —2 1
ecall = o+ 1)
Precision = 4 (12)
fr+tp’
2(r]
F1-score = (rp) , (13)
(r+p)
where r and p are recall and precision, respectively.
Macro-averaging, computes the average metric across classes without considering class frequency.
1 n
Macro-averaging = ;ZMetrici, (14)

i=1

where n is the total number of classes, Metric; is the metric value of class i, and Metric is the metric (e.g.,
precision, recall, or Fl-score) for class i.
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The weighted averaging accounts for class frequency by adjusting the influence of each class on the
overall metric

n
Weighted-averaging = Zwl-Metrici, (15)
i=1
where n is the total number of classes, w; is the weight assigned to class i, Metric; is the metric value of class i,
and Metric is the metric (e.g., precision, recall, or Fl-score) for class i.

7 Experiments and discussion

All experiments in this article were performed using a computer equipped with an Intel(R) Xeon(R) CPU E5-
2695 v2 @ 2.40 GHz computing unit, INTEL graphics INTEL 7 CPU for classification, segmentation, and detection
tasks. We used the Keras framework with a Tensorflow backend. Results using state-of-the-art networks are
compared for all datasets.

7.1 Recognition of wildlife fences using aerial and still datasets

Table 4 shows the number of parameters for the different classification architectures used in this article. We
observed that models with less parameters outperformed models with a bigger number of parameters. We
also argue that models with smaller hard disk space are easily deployed on mobile clients compared to bigger
models, which are usually slow, the CNN model achieved a classification test accuracy of 73% in aerial images
and 82% in still images (Table 5). However, the ResNet model showed a better performance on the test set of
100% on aerial images and 95% on still images. This is justified by the transferable capabilities of ResNet from
one adaptation domain to another, and their robustness to operate on small datasets. Results indicate that the
CNN model performed poorly compared to ResNet. However, results also show that CNN performed better on
aerial images than on still images, and ResNet performed competitively on both aerial and still images.
Therefore, we recommend using transfer learning on the N2 wildlife fences dataset compared to CNN’s
because transfer learning architecture performs better than CNN. In addition, the test accuracy using CNN
was generally higher than train and validation accuracy. We attribute this to the small dataset used in this

Table 4: Data reconstructed for segmentation and detection tasks

Dataset name Model Disk size (MBs) Parameters
Aerial CNN 354.0 29,492,922
Aerial ResNet 101.3 24,125,208
Still CNN 393.3 32,769,882
Still ResNet 101.3 24,125,208

Table 5: Results from the classification task for both aerial (dataset 1) dataset as well as still (dataset 2) dataset

Dataset name Model Train acc (80%) Train loss Val acc (10%) Val loss Test acc (10% Test loss
Aerial CNN 74.81 0.6654 73.33 6579 73.33 0.7006
Aerial ResNet 100 4.6209e-06 100 0.0054 100 3.5681 x 1074
Still CNN 72.37 0.5996 61.70 1.1490 82.98 0.3767

Still ResNet 100 1.6472e-08 97.87 0.0275 95.74 0.3922
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study and the inability of the CNN model to be robust compared to ResNet. Due to these weaknesses, we
computed more metrics such as confusion matrix, precision, recall, F1-score, and support, with their associated
average accuracy, macro average, and weighted average.

The confusion matrix in Figure 8(a)—(d) corresponds to the results from aerial images with CNN, aerial
images with ResNet, still images with CNN, and still images with ResNet, respectively. Figure 8(a) shows 87.50%
double fences classified as double fences and 12.50% double fence misclassified as single fences, as well as
57.14% single fences classified as single fences and 42.86% single fences classified as double fences. For Figure
8(b), we observe classifications of 100.00% double fences and 100.00% single fences with no misclassifications.
Results of the confusion matrix when using still images with CNN and ResNet achieved acceptable results with
95.83% double fences and 69.57% single images predicted correctly as double fences and single fences, respectively.
In the same Figure 8(c), 30.43% single fences were classified incorrectly as double fences, and 4.17% double fence is
incorrectly classified as a single fence. Finally, Figure 8(d) results were from using still images and the ResNet
model. The model achieved correct predictions of 100.00% double fences and 91.30% single fences. The model also
misclassified 8.70% single fences as double fences, with no misclassifications for double fences.
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Figure 8: Four confusion matrix showing (a) images from drone classified using CNN, (b) images from drone classified using ResNet, (c)
images from standalone camera classified using CNN, and (d) images from standalone camera classified using ResNet. The images the
model made predictions on are the test data. Source: Created by the authors. (a) Aerial, CNN, (b) Aerial, ResNet, (c) Still, CNN, (d) Still,
ResNet.
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As in Table 6, the CNN model achieved a classification average accuracy of 73% on aerial images and 83%
on still images. However, the ResNet model performance is of 100% on aerial images as well as 96% on still
images. Generally, the classification models performed better on aerial images than still images because the
drone can capture wildlife fences from the front view, back view, and top view, while the standalone camera
captures only the front view. Meaning drones capture more details of the fence and its associated features as
compared to a standalone camera. Based on these results, we recommend the use of transfer learning on the
wildlife fences dataset as compared to CNNs when using classification algorithms. We further attribute the
poor performance to the smaller datasets used for both aerial and still.

Table 6: Aerial and Still datasets fine-tuned on CNN and ResNet binary classification algorithms

Avg metrics Dataset Model Fence type Precision Recall F1-score Support
Aerial CNN Double fence 0.70 0.88 0.78 8
Single fence 0.80 0.57 0.67 7
Accuracy 0.73 15
Macro Avg 0.75 0.72 0.72 15
Weighted Avg 0.75 0.73 0.73 15
Aerial ResNet Double fence 1.00 1.00 1.00 8
Single fence 1.00 1.00 1.00 7
Accuracy 1.00 15
Macro Avg 1.00 1.00 1.00 15
Weighted Avg 1.00 1.00 1.00 15
Still CNN Double fence 0.77 0.96 0.85 24
Single fence 0.94 0.70 0.80 23
Accuracy 0.83 47
Macro Avg 0.85 0.83 0.83 47
Weighted Avg 0.85 0.83 0.83 47
Still ResNet Double fence 0.92 1.00 0.96 24
Single fence 1.00 0.91 0.95 23
Accuracy 0.96 47
Macro Avg 0.96 0.96 0.96 47
Weighted Avg 0.96 0.96 0.96 47

The wildlife single and double fence class evaluations are precision, recall, F1-score, support, average accuracy, macro average, and
weighted average.

7.2 Prediction and detection of wildlife fence insulators

On average, 12 days and 2 h were spent on training the aerial and still datasets. During training of the model,
the loss, MIoU, accuracy, and dice coefficient were computed on the training and validation datasets for each
training epoch. The parameters that were in the final epoch while training are considered the training results. All
the parameters of the training step were stored in a dictionary with keys and values, and those values are retrieved
and used for plotting the graphs. These graphs were used to evaluate the performance of the model. The model was
considered good if the epoch vs accuracy graph was exponential and if the epoch vs loss graph was a hyperbolic
curve. Figures 9 and 10 showed the loss, MIoU, accuracy, and dice coefficient curves of the aerial and still datasets,
respectively. Figure 11 shows the impact of batch size on model performance. In both datasets (Table 7), the loss
curves show some slight oscillations when computing the loss, accuracy, and dice coefficient metrics; these were
related to the set small mini-batch size. We note that the network fails to find the optimal convergence direction at
the early stage of training. On observing the loss curves, gradually, the network stabilizes whenever we have a
continuous network training, which obtains results in Table 7. We also note that the dice loss, often set as the
negative Dice coefficient, measures the similarity between the prediction and truth. Reducing the negative Dice
coefficient (Dice loss) corresponds to maximizing the Dice coefficient, meaning that the model’s predictions match
the ground truth better. This aspect helps optimize for high overlap between predictions and actual target regions.
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Figure 9: Loss, MIoU, accuracy, and dice curves of the aerial image dataset model. Source: Created by the authors.
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Figure 10: Loss, MIoU, accuracy, and dice curves of the still image dataset model. Source: Created by the authors.
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Figure 11: The impact of 16 batch size and 8 batch size on the performance of the U-Net model. Accuracy looks stable among the aerial
and still datasets and along the 16 and 8 batch sizes. However, we see that the MeanloU and Dice coefficients are penalized when using
the Still dataset compared to the Aerial dataset. This is due to how strict the MeanIoU and Dice Coefficient metrics are, which are more
precise measures of segmentation performance by focusing on overlap in the regions of interest. Source: Created by the authors. (a)
Aerial, Params and (b) Aerial, Params.

7.3 Mask prediction accuracy

We applied the U-Net model to the wildlife aerial image dataset and wildlife still dataset, which are labeled as
insulators and not insulators. Every image of the data is RGB and has 512 x 512 pixels resolution. The best MIoU
were recorded for training, validation, and testing for both aerial and still datasets in Table 7. Adam with
learning was adopted as an optimization algorithm [64].

Model prediction output is an image with each pixel in it related to a probability distribution that detects
an area of interest. The output image size corresponds to the input image size. Binary pixel values were
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Table 7: Prediction results on training, validation, and testing dataset samples

Dataset Dataset sample Batch size Loss Mean IoU Accuracy Dice coefficient
Aerial Train 16 -0.6024 0.6776 0.9980 0.6361
8 -0.5492 0.6442 0.9974 0.5768
Val 16 -0.7097 0.7322 0.9987 0.7066
8 -0.5595 0.6989 0.9977 0.5793
Test 16 -0.6279 0.7345 0.9982 0.6771
8 -0.5938 0.6992 0.9981 0.6378
Still Train 16 22.7265 0.4602 0.9684 0.0053
8 -0.1184 0.5017 0.9646 0.1872
Val 16 22.7265 0.4857 0.9698 0.0097
8 -0.0826 0.5405 0.9678 0.1644
Test 16 19.7826 0.4856 0.9740 0.0047
8 -0.0580 0.5388 0.9704 0.1069

Still, dataset performed better on small batches than on bigger batches. The aerial dataset slightly performed better on the 16 batch size
than the 8 batch size. Generally, the model performed better on the aerial dataset than still images.

obtained by choosing a threshold of 0.5. Any pixel value below a specified threshold was set to zero, and value
above the threshold was set to 1. We then multiplied the results of every pixel in an output image by 255 and
got a black-and-white predicted mask. Further, for each predicted ground truth mask, we calculated the
residuals. The smaller the residuals, the better the model performance, and the more the residuals, the
poor the model performance, as shown in Figure 12.

7.4 Insulator detection with OpenCV

OpencCV is an open-source library widely used for image analysis, recognition, and deep learning. The software
is used exhaustively to recognize objects in photos and videos. Object detection is a subset of signal processing,
big data, and machine learning focusing on identifying features in pictures and videos. In this study, images
were labeled as positive and negative to train a cascade function, which was used to detect objects in images
[65]. We detected insulators using OpenCV as shown in Figure 13 from the aerial dataset by finding contours
defined by joining lines of all points at the image boundary with the same intensity. OpenCV uses a function
findContours() to extract contours from an image that meets a specified threshold. In addition, a boundingRect
() function was adopted to approximate rectangles of the blobs on an image to show the area of interest after
getting the image’s contours or outer shape. This function returned four values, the x-coordinate, y-coordinate,
width, and height of the blob. These values were used to draw a rectangle on the image part using pixel
coordinates. A few pixels were added to these values to draw a slightly bigger box. These coordinates from
mask images were inferred into the actual images to draw the borders around them. The cut-outs images and
their corresponding mask images were passed through our OpenCV code to detect all the sources in the image.
Later, these images were concatenated back to an original image of which borders were sketched around it, as
shown in Figures 13 and 14, applied to the aerial and still images, respectively.

7.5 Discussion

WVC incidences are high in South Africa particulary near areas with wildlife and wildlife fences [66]. This
prompts researchers to focus on measures to minimize and prevent wildlife collisions and ensure the safety of
drivers, pedestrians, and other road users. It is therefore imperative that ecologists and wildlife conserva-
tionists in Africa work together to develop ways to detect WVC areas with high accuracy and low cost while
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Figure 12: Representation of actual images, ground truth masks, predicted masks, and residual masks on aerial dataset. Source: Created
by the authors.

minimizing the weaknesses of roadkill prediction using time series analysis, an approach currently adopted in
road ecology in detecting roadkill areas. To assist the ecologists, this study automatically investigates the
possibility of the U-Net segmentation algorithm, CNN, and ResNet in detecting and recognizing WVC areas.
It does this by understanding the performance of CNN, ResNet, and U-Net trained on still and aerial wildlife
fence and wildlife fence insulator datasets. Ultimately, for segmentation, it verifies if this was a good approach
for detecting WVC fences by further drawing bounding boxes on the predicted insulators as shown in
Figure 13. In addition, the ResNet and CNN recognize WVC areas using wildlife single and double fences
shown on the confusion matrix in Figure 8 as well as precision, recall, Fl-score, and support in Table 6.
Generally, the accuracy of the models is correlated to the size of the dataset; the bigger the dataset, the higher
the accuracy and vice versa [67,68]. This is un-realist in an ecological sense since large amounts of training data
can not be easily produced by ecological researchers. For that purpose, we designed the U-Net model for
smaller ecological wildlife fences insulator datasets and adopted ResNet for the classification task, which
performs better than CNN.
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Figure 13: Detected insulators on wildlife electric fence at Amakhala private game reserve from the aerial dataset [50].

Our work can uniquely combine ecological wildlife fences, wildlife fence insulator data, and deep learning
techniques. The field of image recognition, especially when applied to wildlife fencing in detecting WVC areas,
is still young. While most researchers have used similar methodologies, they have used them in different fields
but not in detecting WVC areas using wildlife fences to minimize WVC.

Our results show that ResNet, CNN, and U-Net are successful within the ecological domain, although they
also show some limitations. The algorithms, if deployed, might be a powerful and practical tool that helps
ecologists extract ecological information from the wildlife fencing algorithm deployed.

7.6 Future scope

We offer a few possibilities for future work by combining traditional wildlife fencing, classification, and
segmentation algorithms.
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Figure 14: Detected insulators on wildlife electric fence at Amakhala private game reserve from the still dataset [50].

First, we acknowledge that our datasets were not normally distributed. They comprised only two privately
owned game reserves located in the; Eastern Cape, South Africa. As a result, future work should repeat the
data collection process, and this should include different provinces of South Africa and test the model’s
generalization between the different identified locations. This will improve machine learning systems in
generalizing their training data, which makes the model better in generalizing [69].

Second, deploying machine learning models to the client devices is vital, as periodically retraining the
model from model staleness. Deployment has been successful in public policy [70], health [71], education [72],
and banking [73]

Third, to further improve the classification accuracy of remote sensing, adopting image localization and
detection algorithms might help to detect the exact location of an object in an image using algorithms such as
histogram of oriented gradients, YOLO, Region-based convolutional neural networks (R-CNN), Fast R-CNN, and
Faster R-CNN.
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Fourth, building more images of the dataset using synthetic images will improve the performance of the
model by exponentially increasing examples given to the model during training. This approach is widely used
by U-Net with generative adversarial networks and is successful [74,75].

Fifth, models developed using aerial and still datasets may be continuously trained and deployed to
minimize model staleness by using proactive training [76]. This approach will improve model performance
and reliability by retraining the images the model provided as incorrect predictions.

Finally, we believe that the future of deep learning models relies upon developing an end-to-end wildlife
fence detection system to monitor and detect potential WVC areas. The system should detect wildlife fences as
WVC areas and alert the driver. Further, the system should allow the driver to save images and GPS. The
collected image dataset can be used to retrain the model and the GPS will help improve the existing roadkill
areas detection system by detecting future patterns and distribution of WVC areas using time series analysis.

8 Conclusion

The study aimed to evaluate the model performance of modern computer vision algorithms applied to aerial
and still image datasets. For this purpose, we utilized drones and standalone cameras to obtain images of
wildlife fences on N2 highways. These images were sorted as single and double fences, each associated with the
device from which they originate, i.e., drone or standalone camera. For the classification task, the images were
labeled and fed as input to the computer vision algorithms to recognize fences. In addition to the dataset
contribution, we also conducted a study that compared state-of-the-art image-based classification algorithms
and reported our experimental results in this article. We exploited CNN and ResNet50 architecture for the
recognition tasks. The recognition task detects the test image as a single or double fence. For the segmentation
task, our contribution is the dataset that contains segmented images and masks for wildlife electric fence
insulators. Our proposed approach to detecting fences facilitates the development of image segmentation
algorithms with wildlife fences and their associated features. This is done by annotating the dataset, which
increases the efficiency of machine learning projects in detecting areas of interest. Detecting wildlife fence
features such as insulators is essential in mitigating WVC.

Generally, the classification and U-Net models performed better on aerial images than still images, even
though the aerial dataset is small. This is partially true due to the variations in specific camera parameters,
which are known to affect the performance and generalization of deep learning models [77]. The two camera
devices, DJI Phantom 4 Pro UAV drone and Nikon Z6 MK 2 still camera, have different parameters affecting the
U-Net, CNN, and ResNet results. Also, the drone captures more details (front, back, and top views) for machine
learning models to learn compared to the still camera, which captures only the front view. In addition, the
images are over-zoomed or decompressed, leading to poor performance since we have much information lost.
In the future, we plan to gradually enlarge our dataset for single and double fences using drones and
standalone devices. We hope to make our dataset public to foster future image-based wildlife fence recognition
research. Further, we will minimize the decompression of images, detect other vital features of wildlife electric
fences, adopt localization and detection algorithms to detect the object location in an image, and deploy the
algorithms on client devices. Besides, we shall also adopt using other segmentation techniques.
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