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1 Developed a replicable, loaode deep learning workflow using ArcGIS Pro and-tggblution
Pleiades Neo imagery, operable on modest hardware ($4,000 system).

I Quantified habitat degradation: detected of linear land partitionsx buildings, andx of
remaining forest cover in a 1000km? area.

1 Created an Al model to detect key landscape features, overcoming challenges like seasonal
vegetation changes anhtweight fence structure identification.

1 Demonstrated that sophisticated Al analysis can be performed without relying on extensive
cloud computing or tech giant partnerships, making advanced conservation technologies more
accessible to local projects.

1 Established a template for other conservation efforts worldwide, showcasing how existing
machine learning techniques and higésolution imagery can address urgent environmental
challenges with limited resources
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1 Deforestation: Largscaleclearing of forest for agriculture, charcoal production, and human
settlement. Giant Pangolin have a preference for dense forest habitats with abundant
populations of ants and termites.

1 Habitat Fragmentation: The remaining forest is increasingly divided into smaller, isolated
patches. The construction of field boundaries, roads and buildings further encroaches on natural
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9 Electric Fences: While intended to protect crops from elephants and other raiding species, these
pose a significant physical threat to pangolins.

1 Poaching: All pangolin species are highly valued for their meat and scales. Pangolin are the most
trafficked wild mammal globally.
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Langland Conservation
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9 Using datadriven insights to help decisiemakers achieve greater results in conservation.
1 Empowering others to leverage technology in conservation efforts.
9 Supporting investigations to tackle organized wildlife crime worldwide.

In the NyakwerForest project, Langland Conservation's role was to conduct a thorough analysis of
the area and develop and implement andkiven remote sensing solution to quantify and visualize
habitat degradation.

Their support to The Pangolin Project was led by Chief Technology Officer, Ruari Bradburn, and Head
of Analytics, Dr. Alice Ball.

2.4 The Satellites for Biodiversity Award

The Satellites for Biodiversity Award, a collaboration between Connected Conservation Foundation
and Airbus, played a crucial role in this project. This initiative, which bridges conservation
organizations and satellite imagery providers, provided Lang@odservation and The Pangolin
Project with access to higtesolution Airbus Pleiades Neo 0.3m RGB imagery. This imagery was
essential for developing the Al model and analysing the Nyakweri Forest landscape.

The Connected Conservation Foundation, particularly through director Sophie Maxwell, offered
invaluable support throughout the project. This collaboration exemplifies how partnerships between
technology providers and conservation organizations can significenhance the effectiveness of
biodiversity protection efforts.

3. Project Objectives
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The primary aim was to understand and quantify the extent and rate of habitat degradation in the
Nyakweri Forest Landscape, part of the Greater Mara Ecosystem in Kenya. This objective was crucial
given the recent discovery of Giant Pangolins in the arehthe rapid conversion of viable habitat

to farmland.
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1. Artificial Land Partitions & Fence Lines

2. Tree Cover

3. Buildings
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a. Merge 2x1: Created by combining Tranche 2 on top of Tranche 1.

b. Merge 3x2x1: Created by combining Trance 3 on top of Merge 2x1
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The resultant file rastera/ere very large in size. The .tif file for Merge 3x2x1 that was passed to the
deep learning model for inference totalled 291GB.
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A single band Normalised Difference Vegetation Index (NDVI) version of Merge 3x2x1 was created,
totalling 145GB.
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1 Essential for general data handling, gmecessing, posprocessing, and GIS analysis. Such a
system, (less the GPU) would be likely required regardless.

1 Onetime purchase cost; NVIDIA GPU pays for itself in approximately 135 days of continual
use.

9 Provides a single tool for ertd-end execution of deep learning workflowsd all supporting
steps
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Scalable on demand

Supports multiple GPU clusters for faster training and inference

Access to high grade commercial processors and rapid training and inference
Portable, can be ruremotely

Significantly higher skill requirement to configure and execute

Likely cheaper inferender a singleproject
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Many providers offer limited disk quota (e.g., RunPod's 40GB), which can be prohibitive for
large imagery datasets. In most cases the raster will be loaded directly into memory using
libraries like rasterio or GDABuch memory availability is usually only availablevbith

would highend, multiple GPU configuratisrwhich would have significant cost implications.

1 High costs for active GPahabled pods during basic configuration and file upload and
download Idle uptime must be minimised.
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1 This midrange modern processor provided sufficient computational power for general data
processing and model deployment.
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1 Ample RAM allowed for efficient handling of large datasetdimage processing tasks.

1 However, being able to load the whole raster into memory would be highly desirable. This
would require a dedicated build that would go beyond a consugrade desktop.
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1 Highspeed storage facilitated quick data access and write operations, crucial for working
with large imagery files. Use of an NVME SSD drastically improved performance, particularly
with handling of the training datasets, which are comprised of a vegelaumber of small
files.
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i The GPU was the cornerstone of the system, providing the necessary computational power
for training and running deep learning models.

1 When training on larger training datasets and running inference on large imagery the use of
a single NVIDIA 4090 did result in longer than desirable compute times.



1 A system using multiple NVIDIA 4090s would offer a significant improvement and could
present a cheaper alternative (4 x $2,250 = $9,000) to using a commercial grade alternative
like the NVIDIA H100 ($42,000).
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1 The system was built in a consumer desktop case ($150), complete with a reliable 1200W
power supply ($285), CPU watercooler ($160) andwaple number of higiperformance
case fans (5 x $22 = $110).

4.3. Software

The project primarily utilized ArcGIS Pro as its core software environment, a choice that significantly
influenced the workflow and accessibility of the project
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1 ArcGIS Pro was chosen as the primary software environment for its comprehensive toolset
and accessibility to neprofit organizations.

1 While private enterprises and governments pay a premium for its features, charitable
enterprises can access it at a significantly reduced, enaking it a highly attractive option
for conservation use.

1 ArcGIS Pro provided an integrated environment for the entire workflowontains all the
necessary tools to prepare training data, train ddegrning models, and deploy them.

1 This choice of software contributes to the replicability of the workflow, making it accessible
to other conservation projects with limited resources.
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1 ArcGIS Prdnas a dedicated Deep Learning Library, whittludes PyTorchbaseddeep
learning algorithms This includes a range &CNN (RegieBased Convolutional Neural
Network)type architecture used in this project.

1 Various versions of the ResNet base architecture were used during research, with the final
model produced using ResNek®d1
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1 ArcGIS Pro provided tools for pgmtocessing the model outputs, including dissolving
overlapping output features removing features below certain size and confidence
thresholdsand smoothingsimplifying and regularizing outpytolygons.
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1 The software's GIS capabilities were utilized for visualizing results and conducting spatial
analyses on the detected features.

4.4. Deep Learning Model
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Image Classification: Assignsiagle label or multiple labels to an entire image.
Semantic Segmentation: Classifies each pixel in an image into a predefined category.

Object Detection: Identifies and locates multiple objects within an image.
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Instance Segmentation: Combines object detection and semantic segmentation, identifying
individual instances of objects.

1 Regression: Predicts continuous values (e.g., wind speed, tree height, soil mdigtareglysing
series of images

1 Change Detection: Identifies differences between imageh@fsame scene taken at different
times.
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1 Featurespecific analysis: Object detection allows for easier identification and analysis of specific
landscape features (e.g., land partitions, fences, buildings, tree cover).

1 Quantification of discrete elements: Enables straightforward counting of individual instances
(e.g., buildings) and measurement of dimensions (e.g., fence lengths).

1 Handling of linear features: Better captures orientation and extent of linear elements like fences
and land partitions, crucial for assessing habitat fragmentation.

1 Spatial relationships: Facilitates analysis of spatial relationslgfuding overlappetween
different landscape elements, aiding in habitat connectivity assessment.

9 Ease of analysis: Object detection outputs (bounding boxes with labels) are easierprqueds
and integrate into GIS workflows compared to pibeslel segmentation data.
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Within the object detection paradigm, we chose to use the ResNet (Residual Network) series of
architecture specifically ResNdib2 initially and later ResNet01, as the backbone four model
This choice was based on several factors:

1 Deep Architecture: ResNets can be very deep without suffering from the vanishing gradient
problem, allowing for more complex feature learning.

1 Residual Learning: The skip connections in ResNets help in training deeper networks more
effectively.

1 Performance: ResNets have consistently shown strong performance in various computer vision
tasks, including object detection.
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CNNs:



1 Use convolutional layers to extract features from images.

1 Are generally faster and more memeefficient for object detection and segmentation tasks.
1  Work well with smaller datasets and are more interpretable.

Transformers:

9 Originally designed for natural language processing, now adapted for vision tasks.

1 Use seHattention mechanisms to process the entire image at once.

1 Can capture longange dependencies in images more effectively.

9 Often require larger datasets and more computational resources.

The tradeoffs between these approaches are significant:

1 Performance: Transformers can achieve higher accuracy in some tasks but may struggle with
small objects or fingrained details where CNNs excel.

1 Hardware Requirements: Transformers typically require more memory and computational
power, eliminating the possibility of their use in a consumer desktop environment for this kind
of workload.

I Training Data: Transformers often need larger datasets to perform well, while CNNs can achieve
good results with smaller, more focused datasets.

1 Inference Speed: CNNs are generally faster for inference, which is cruciapvdeessing large
satellite images.

1 Flexibility: Transformers are more adaptable to different types of input data and can handle
variablesized inputs more naturally.

Given our project's constraints and objectivgsarticularly the aim to develop a workflow operable
on modest hardware we opted for the CNMased approaches using@NN architectures.

This choice allowed us to achieve a balance between model performance and hardware efficiency,
making the technology more accessible to conservation projects with limited resources. These
approaches also aligned well with our available training data sizetlae specific nature of our
segmentation and detection tasks in satellite imagery.
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The preparation of a highuality training dataset was crucial for the success of the deep learning
model. This process involved several key steps and consideratiomge chips measuring 224x224
pixels (the recommended size for our base architecture).

Once features were fully labelled, a training dataset with a structure tailored to our desired
I NOKAGSOGdzNE g1 & ONBIFIGSR dzaAy A yEHKS (@PE LIBNIL KANT



o P - 8. Training Image Chips
7. Buildings, Fencelines, and generated alongside Masks and
NDV!I high values removal Cropland erased from Vegetation 180 degree rotations

4.5.1. Dataset Scope, Size and Composition

* N L ‘Rl
5. Vegetation generated from 6. Cropland marked for

1 Approximately 7.5% of the total imagepyovided was labelled for training.

1 This was distributed across 7 sample areas, totallibgut 78km2 across théhree imagery
tranches These areas were manually selected for the a high density and diversity in the desired
classes, as well as having a high level of representation of the various locale types found within
the target geography.

1 The labelling process took ov@dhours to complete, with approximately half conducted by two
volunteers.

1 Partiallylabelledimage chips (where some features wdabelledbut others were not) were
found to have a strong negative impact model performance in early tests.

4.5.2 Feature Classes
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1. Tree cover
2. Buildings
3. Linear land partition features

4. Fencelines (separated from other partitions in the final versioith visible posts and lack of
vegetation

5. Roads (added in later iterations)

6. Surface Water (added in the final version)
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7. Cloudgadded in the final version)
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Typically appear as hedges or dense vegetation lines

Often wider and more visually prominent in satellite imagery
May include a mix of trees, shrubs, and other plants

Can provide some habitat and cover for wildlife

Usually detectable through their continuous, linear vegetation signature
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Primarily detectedhrough posts repeating at regular intervals
Generally thinner and less visually prominent than partitions
Often lack significant vegetation along their length

More likely to be electrified, posing a direct threat to wildlife
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Detectable through the pattern of posts and, in some cases, visible wire or netting
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1 Wildlife impact: Fences, especially when electrified, can pose a more significant barrier to wildlife
movementcompared to vegetated partitions.

1 Habitat value: Partitions may offer some habitat value and connectivity for certain species, while
fences generally do not.

1 Detection challenges: The visual differences between partitions and fences necessitated
different approaches in the Al model for accurate detection and classification.

1 Conservation strategies: Understanding the prevalence and distribution of fences versus
partitions can inform different conservation strategies, suchieasoval or deelectrification of
the bottom strands of wire.

1 It's worth noting that despite these distinctions, the detection and classification of these features
posed significant challenges for the Al model, particularly for fences due to their subtle visual
signature in satellite imagery. This led to the develepitof a specialized fence detection model
to improve accuracy in identifying these critical landscape features.

1 In many cases, there may be an underlying fence beneath another partition, but the structure
has been overgrown with vegetation. This creates a hybrid feature that combines characteristics
of both fences and vegetated partitions, making clear classificatifficult.
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NDVI values were used to assist with the preparation of the training dataset, particularly for
vegetationrelated features. These were then manually altered for quality control.

Polygons were manually drawn around buildings, clouds, and water features.

Linear features like land partitions were initially drawn as lines and later converted to polygons
for more efficient dataset productiorAll fences were given a buffer of 2m either side.

Forpartitions comprised primarily of thick vegetatioa dynamic approach was used to test and
adjust buffer sizedased on their NDVI values, saving time manually draining polygons around
each linear feature, but also being sensitive to the anticipated thickness of the feature.
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3. New buffer size interpolated
according to mean NDVI

A
2. Mean NDVI calculated within
buffer

1. Partitions Drawn

4. Polygons simplified

In the final model a-¢lass polygon dataset was used alongside the large Merge 3x2x1 .tif file.
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Limitations
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1 Reliable detection of lightweight fence line structures prowfficult, necessitating a broader
approach to detecting linear partitions. This may have led to some inaccuracies in identifying
specific types of land partition®©verallthe modeldetections of fences cannot be relied on to
provide definitive mapping of features, but are useful for providing a more generalised risk map
for detections.

1 The high degree of variation in fencing structures and the incorporation of vegetation in
partitions complicated the classification process, potentially leading to misclassifications or
missed detections.

1 In many casesiany features were detected asmixture of botthedgepartitionsand fencelines
(visible posts, no vegetation)

1 In the case of linear shapesiet output polygons aresually significantly larger than the shape
itself. Where two partitions run in parallel (e.g. either side of a small road) they frequently

1 https://paperswithcode.com/task/objectietection



overlap, making calculations such as total fence length impossible to definitively caldnlate.
future testing with various buffer sizes would be highly desirable to determine an optimum
buffer size.

1 In some cases, very small tracks and boundaries between neighbouring fields were erroneously
classifiedas linear partitionsHarsh earth banks to the sides of larger roads also were frequently
misclassifiedGenerally, performance with a high confidence threshold (e.g. 588a)ted in lots
of missing linear detections and inference with a low confidence threshold (e.g.rés@ted in
a large number of false positivemostly from tracks and road edges

9EIl YLI NNRWS2dzda CSyOS 5SiS0es2ya

1 In some cases, the output correctly detected a feature but the mapping of the polygon to the
features boundaries was coargeguiring additional posprocessing and manual review.
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The imagery tranches were taken under different seasonal conditions, vihiitdlly posed
challenges for model generalization across different vegetation states. This could affect the
accuracy of vegetatiorelated classifications across seasons.

The training dataset, while comprehensive, only covered about 7.5% of the total imagery
providedand covers a very specific geograpfis limited sample size may restrict the model's
performance in areas with significantly different characteristics from the training dratture

tests will apply the same model to imagery of the greater Mara landscape to tests its applicability
in neighbouring areas.

The project provides a snapshot of the landscape at specific points in time. Without regular
updates to the imagery and model, the analysis may quickly become outdated in rapidly changing
environments like Nyakweri Forest

Only a few areas overlapped between Tranche 1, 2, and 3, preventing a comprehensive change
analysis being conducted over the whole area without additional imagery at a later date.
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The rawoutput cannot be relied upon as a definitive map without further processing and
interpretation. Whilst vegetations and buildings are provided with a high degree of confidence,
linear features, particularly fence lines proved challenging to reliably detect.

While the model can detect physical features, it may not directly translate to habitat suitability
for species like the Giant Pangolin without additional contextualisation and analysis.

Confidence levels vary across detected objects. A more nuanced visualization could be created
calculating probability mas&@s a function opolygonarea x confidencend then aggregating
these values within binned geographic areas.

Without groundtruthing and validation, there is potential for false positives or negatives in the
feature detection, which could impact conservation decisioaking if not properly accounted
for.

The output should be considered a tool to guide further investigation and field work, rather than
a standalone product for making definitive conservation decisions.
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1 Polygons were generalised ¢tapture their general direction and remove irregularities



1 The Collapse Hydro polygons tool was run to capture centrelines

1 Veryshort segmentavere deletedto improve output
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1 Image Transformations: The input image was subjected to multiple transformatiipnand
rotate transformations.

1 Multiple Inferences: The model was run on eacnsformed version of the image.

9 Aggregation: The results from all transformations were combined, taking the mean shape and
confidence of the outputs.

1 Thresholding: Outputs falling belothie processconfidence threshold (set at 50% for the PCA)
were discarded.
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1 18.4km2 was comprised afeas of tree covet000m2 or more in size, or 37.3% of the total area.



1 12.1km2 was comprised afeas of tree coveof 0.5km2 or more in size, or 24.6% of the total
area.

1 8.3km2 was comprised afeas of tree covetkm?2 or more in size, or 16.9% of the total area
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1 Identifying clusters of buildings (potential settlements or homesteads)

1 Creating buffer zones around recent deforestation site30( radius)

1 Intersecting these buffer zones with the identified building clusters
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1 There remains very little space within the PCA where there remain large gaps between buildings
¢ 87% of the PCA falls within 300m of a building. The 13% of the PCA that falls out of 300m
proximity of a building accounts for 20% of the remaining tree cawner 22% of the remaining
tree cover in blocks larger than 100x100m.

1 Inthe areas where buildings were further away, there were visible signs of historic deforestation
between the buildings and the deforestation sites, indicating a continued pattern of erosion.

5dzS G2 GKS FTN}Y3IYSYGSR ylLddaNBE 2F GKS KFroAGEG |y
0KS LINA 2 N2 VRIABENEA O d2f de2ys 4 KFa 0SSy | R2L
LX e | OSYyidNIf NRES GAGBRBNYAYARENR VI FH SEAAKSIWd
L2&Aa@S kiGdzRRSEa (G261 NRa O2yaSNWIoa2yX YR AyOSy
0KS LINAR Yy OXUiNI KSNE REWAHEED iBRY 6 S

CKAE | ylféeara KIa AR3Yio BFR OdrRAGK LINPENIAAIRS & 2
s KSINBSSa ¢68RBBoBSHYt 6RI20SNI HAHO YR al NOK HAHND®

/£ dAGSNE 2F K2dzAK2RB&E2 NFAa LINB EN |




p ®

| 2yySOo/BX & A &

cEKS szyééa GA G e ] 1 y I f ééf\é, IéZK‘éa\IBAﬂV’a'_Jz'K(Q,ﬁS&Té NB&FEN:I'
SG2Nla 02 AYLINRYS KFEoAulu O2yySOagAue F2NJI gAfR
¢KS LINPOSaa ¢l & YO2YRdzOGSR |a F2tf26a

LRSyoFeé aAayAaUOlIyd F2NBad LI G6OKSay

I Tree cover areas larger than 100x100m? (10,000m?) wketified as significant forest patches.

1 A 50m buffer was drawn around these significant forest patches.
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1 The intersecting areas of these buffers were kept, as they represent potential corridors between
forest patches.

1 Areas where these intersections crossed roads were highlighted in red, indicating potential
wildlife crossing pointsas well as were reforestation efforts are likely unfeasible due the
importance of the road to local communities
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1 A 50m buffer was created around households (buildings).

1 This household buffer was then erased from the tree cover intersect areas.
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1 The resulting areas represent potential reforestation zones that could connect existing forest
patches while minimizing conflict with human settlements.

1 These areas are highlighted as priority locations for engaging local communities in reforestation
efforts.
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1 Identifying gaps in forest cover that, if filled, could significantly improve habitat connecTitigy.
biggest opportunities for reforestation likefgll within the centre and west of the PCA. Whilst
the most intact forest block falls to the east, a major rdidly prohibits reconnecting it to the
other areas.

9 Highlighting areas where wildlife might be at risk when crossing between forest patches (e.g.,
road crossings).

1 Providing a datalriven approach to prioritize areas for reforestation and community
engagement efforts.
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