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Abstract

As of 2023, a record 117 million people have been dis-
placed worldwide, more than double the number from a
decade ago [22]. Of these, 32 million are refugees under
the UNHCR’s mandate, with 8.7 million residing in refugee
camps. A critical issue faced by these populations is the
lack of access to electricity, with 80% of the 8.7 million
refugees and displaced persons in camps globally relying on
traditional biomass for cooking and lacking reliable power
for essential tasks such as cooking and charging phones.
Often, the burden of collecting firewood falls on women and
children, who frequently travel up to 20 kilometers into dan-
gerous areas, increasing their vulnerability. [7]

Electricity access could significantly alleviate these
challenges, but a major obstacle is the lack of accurate
power grid infrastructure maps, particularly in resource-
constrained environments like refugee camps, needed for
energy access planning. Existing power grid maps are of-
ten outdated, incomplete, or dependent on costly, complex
technologies, limiting their practicality. To address this is-
sue, PGRID is a novel application-based approach, which
utilizes high-resolution aerial imagery to detect electrical
poles and segment electrical lines, creating precise power
grid maps. PGRID was tested in the Turkana region of
Kenya, specifically the Kakuma and Kalobeyei Camps, cov-
ering 84 km² and housing over 200,000 residents.

Our findings show that PGRID delivers high-fidelity
power grid maps especially in unplanned settlements, with
F1-scores of 0.71 and 0.82 for pole detection and line seg-
mentation, respectively. This study highlights a practical
application for leveraging open data and limited labels
to improve power grid mapping in unplanned settlements,
where the growing number of displaced persons urgently
need sustainable energy infrastructure solutions.

*Corresponding author: sfobinsutezo@microsoft.com

1. Introduction

Reliable electricity access in refugee camps is critical to
supporting everyday tasks such as cooking, phone charg-
ing and powering small businesses. Electricity consump-
tion and income/earning potential are tightly correlated over
time [20], where increased electricity consumption is in
lockstep with increased income. Thus electricity access in
camps may better support residents’ ability to earn a living.

Many refugee camps are often found in remote areas
with little to no access to electricity. As a result, about 8.7
million people in refugee camps do not have access to much
needed electricity [7], to improve their livelihoods. Thus
mapping the intricate layout of power grids is important for
quantifying electricity access within camps and for strategic
planning to support further electrification of camps.

High resolution information on power grid lay-
out/structure is scarce, partial and often outdated. Advanced
sensing devices, such as Advanced Metering Infrastructure
(AMIs) and Phasor Measurement Units (PMUs), offer a
pathway to grid mapping [16]. These technologies are ca-
pable of delivering real-time data on voltage measurements,
thereby supporting voltage comparisons across meters to
recreate the distribution grid. However, deploying smart
meters in refugee camps across the distribution network
may come with financial and technical challenges. The
cost of these devices across the network and the specialized
knowledge required to interpret the data they provide, par-
ticularly in terms of power-flow physics to map power grid
layouts, makes them infeasible for unplanned settlements.

Mapping power grids from remotely sensed imagery.
As an alternative to mapping power grids from smart meter
devices, satellite and aerial imagery has been utilized. Early
work by Development Seed [10] demonstrated a human-in-
the-loop approach to mapping high voltage (HV) infrastruc-
ture. This approach used high resolution 50 cm/pixel opti-
cal satellite imagery to first detect HV towers, and then a
team of experienced mappers traced HV lines between tow-
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ers. Alternatives to this workflow leverage lower resolution
Synthetic Aperture Radar (SAR-C) imagery to detect HV
steel pylons [9]. This work indicated that grid infrastructure
can be identified in satellite imagery, given the right image
resolution and power infrastructure material visible in the
image. While HV lines provide information about the trans-
mission network, they do not provide a view of the distribu-
tion network which is more reflective of where electricity is
consumed at the residential and commercial levels. More-
over, the distribution network captures the various electric
connection points and the ease and cost of making a power
connection [12]. [11] show that identifying the distribution
network from satellite imagery remains challenging as dis-
tribution networks typically consist of smaller poles and
lines, which can be hard to detect even at 50cm/pixel. As
an alternative, Visible Infrared Imaging Radiometer Suite
(VIIRS) nighttime lights is used in combination with net-
work algorithms (e.g. Dijkstra’s shortest path) to estimate
the distribution network given electrified settlements. While
this approach approximates the grid, it does not provide a
true representation of the network and is sensitive to noise
in VIIRS data such as flares, background lighting and tem-
poral changes in luminosity [3]. GridTracer is an approach
to mapping power grids from overhead imagery using deep
learning [13]. Alongside GridTracer, a benchmark dataset
of overhead imagery, towers and lines was released to eval-
uate power grid mapping algorithms. Our work is most sim-
ilar to GridTracer in its usage of overhead imagery, thus it
serves as a baseline for comparison. Streetview imagery has
also been used as an alternative to overhead imagery to map
grid layouts [18]. While this provides an interesting appli-
cation of streetview imagery, this approach is challenging to
implement in unplanned settlements as streetview imagery
is often not available for these locations.

More recently, higher spatial resolution data collection
through Unmanned Aerial Vehicles (UAV) such as drones
has become more accessible with open source platforms
such as OpenAerialImagery. As a result, drone imagery
is increasingly utilized to map grid infrastructure. Using
the Transmission Towers and Power Lines (TTPLA) dataset
[1], [2] propose a transformer based segmentation model to
map individual transmission lines and towers. While these
works advance the field of grid mapping from drone im-
agery, the data used in algorithm development consists of
high voltage transmission lines at very high resolution, with
profile views as opposed to overhead spatial views (See Fig-
ure 1). Datasets in profile view, are better suited for map-
ping individual lines and tower structures as opposed to re-
constructing the entire grid structure from the dataset.

Application context. According to the UN High Com-
mission on Refugees (UNHCR), by mid-2023 there were
approximately 32 million refugees under UNHCR mandate
[22], with about 22% (likely a lower bound) of the refugee

Figure 1. Profile views (left) better support mapping individual
lines and tower structures, while overhead imagery (right) better
supports mapping the layout of a power grid.

population living in refugee camps [23]. This resulted in
the creation of several informal settlements to provide safe
shelter and amenities for displaced populations. An impor-
tant aspect to supporting resettlement and enhancing quality
of life for communities within these settlements is access to
reliable and sufficient power. Accurate and updated maps
of the power distribution infrastructure can inform relief
organizations and field operators about power infrastruc-
ture needs and better support planning, resource allocation
and operations within the camp. Given the nature of infor-
mal settlements, power distribution grids more likely appear
overhead and are less organized, as the power grid is estab-
lished to align with housing locations, which may be more
unplanned compared to planned settlements. In this pa-
per, in collaboration with USA for UNHCR and HOTOSM,
we deploy our approach to mapping overhead power distri-
bution infrastructure in the Kakuma Camp and Kalobeyei
Integrated Settlement covering 84 km2, and home to over
200,000 residents [21]. PGRID is evaluated using manually
tagged labels from well-trained mappers. We also create a
geo-referenced power grid layout map and show that our
approach can be used to augment existing power grid maps.

Contributions. This work presents an approach to map-
ping power grid distribution infrastructure from overhead
aerial imagery at a spatial resolution of ∼6cm/pixel. The
method is applied in practice to mapping refugee camps
thereby enabling humanitarian mappers to rapidly map grid
infrastructure in ever growing camps. In this work, we pro-
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pose pole detection and line segmentation approaches for
mapping low and medium voltage distribution lines. The
main contributions of this paper are:

1. Easy-to-deploy algorithms for detecting electrical
poles using point supervision and segmenting electri-
cal lines. Our pole detection method simplifies the la-
bel acquisition process, as point labels are quicker and
easier to obtain compared to bounding boxes.

2. Deployment of our PGRID system in an unplanned
settlement where we show high model performance in
reconstructing the layout of the existing power grid .

3. We demonstrate that our power distribution grid map
enhances existing power grid estimates, and can serve
as a viable approach to obtaining high resolution maps.

We share our github repository and demo here:
https://github.com/USAFORUNHCRhive/turkana-grid-
mapping.

2. Problem Formulation
For the task of mapping power distribution grids from

overhead high resolution drone imagery, we formulate
the problem as follows: for a given area a, the un-
known power distribution grid network (Ga) is defined
as an undirected acyclic graph Ga(p, l), where p is a set
of poles (p = p1, p2, p3, ...pn) and l are the line seg-
ments connecting the poles (l = l12, l13, l34, ...lmn =
(p1, p2), (p1, p3), (p3, p4), ...(pm, pn)). Under perfect con-
ditions, a power distribution grid can be fully mapped us-
ing accurate information about all line segments in the net-
work. However, we observe from drone imagery that elec-
trical lines appear in the image as very thin lines and their
visibility within the image is dependent on the time when
the imagery is taken, the lens angle and the building density
within the image. Moreover, some areas may still be un-
dergoing construction with existing poles but no lines. Be-
cause electrical lines may not always be visible, we lever-
age complementary information about electrical poles and
detect both electrical lines and poles. Thus the objective
of this paper is to estimate a power distribution grid (Ĝa)
in a new area using geospatial machine learning to predict
the location of electrical poles and lines that constitute the
power distribution grid, given points and lines from a known
area.

Ĝa = M(P(X),L(X)) (1)

Ĝa is obtained in a two-step process as follows: First, we
train a pole detection model (Pa), given input imagery (Xa)
to accurately detect electrical poles given point pole loca-
tions from a known area. Next, we train a line segmen-
tation model (La) also given input imagery (Xa) to detect
connecting lines. Detected poles and lines are merged after
post-processing to recreate the power distribution grid Ĝa.

3. PGRID: Reconstruction of grid layouts.
The PGRID method entails three steps: i) a pole detec-

tion model to detect electrical pole locations within the im-
age ii) a line segmentation model to segment electrical lines
from imagery and iii) a post-processing step to merge de-
tected poles and line segments to obtain a unified layout.
We outline each step of our methodology below.

3.1. Electrical Pole Detection

Accurate identification of electrical poles is performed
using our proposed pole detection model. We deploy a
Fully Convolutional Network (FCN8) [15] semantic seg-
mentation model to detect poles within the image. We build
on the network architecture and multi-component loss func-
tion proposed by [14] to count and localize cars and adapt
it to detect electrical poles. A labeled dataset of point lo-
cations is used to indicate electrical pole locations. This la-
belled dataset, coupled with corresponding images is used
as a training signal to learn pole representations within the
imagery (see supplementary material for illustration of pole
detection network). The model is trained with a four com-
ponent loss: i) image-level loss, is a negative log-likelihood
loss which encourages the model at the image-level to de-
tect electrical poles. For images that have poles, the loss in-
creases the likelihood that at least one pixel is predicted as a
pole, while decreasing the likelihood of predicting pixels as
poles when there are no poles in the image. Here all image
pixels are considered, ii) point-level loss, which serves as a
localization loss, helping the model to accurately learn pole
structures within the image. A negative log-likelihood loss
is applied only to the annotated pole pixels to encourage
the model to correctly identify poles. Both the image and
point level losses evaluate the likelihood that a pixel is in
the pole class. The next two losses, evaluate the likelihood
that a pixel belongs to the background class. The iii) split-
level loss, encourages the model to predict unique blobs
for all annotated poles. First, boundaries between ground
truth poles are found using a watershed segmentation algo-
rithm [6]. These boundaries are annotated as background
while the area within the boundaries are annotated as fore-
ground. The model learns to predict the probability that a
pixel belongs to the background class. Here we also use
a negative log-likelihood loss, weighted by the number of
poles within the blob. This encourages the model to pre-
dict boundaries such that only one pole is in each blob. iv)
false positive loss, which discourages the model from mak-
ing false positive predictions. A negative log-likelihood loss
is applied to pixels with no ground truth pole annotations,
thereby minimizing the false positive errors by the model.

A small learning rate of 1e-6 was used to train the pole
detection model. Image augmentation techniques such as
vertical and horizontal flips, color jittering and random rota-
tions were used as a form of regularization during training.
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Figure 2. Illustration of strict (left) and all (right) matching vari-
ants for evaluating performance of pole predictions. Ground truth
poles are shown at the center in blue, with predicted poles in green
surrounding the ground truth pole. The dashed circle represents
the threshold (th). In the strict match variant, the ground truth
pole is matched to its closest prediction, so long as the prediction
is within the threshold. In the all variant, the ground truth pole is
matched to all predicted poles within the threshold. The all match
is a better approach to evaluate performance for cases where mask
predictions for poles is a non-continuous blob.

Pole Detection Metrics. Electrical poles are represented
as points in the label dataset, and predictions obtained from
the model are vectorized and their centroids taken as pre-
dicted pole locations. Matching ground truths with predic-
tions cannot be performed using exact matches given the
high precision nature of points. Thus, we set an accept-
able distance thresholds th and utilize two matching vari-
ants known as strict and all matches, as illustrated in Fig-
ure 2. In the strict variant, we perform a one-to-one match
between the ground truth pole and a predicted pole, given
both poles are within the acceptable distance. When mul-
tiple predictions occur within the acceptable distance, we
select the closest prediction to the ground truth pole. In the
all variant, we perform a one-to-many match between the
ground truth and predicted poles, given th. The pole match-
ing variants are used to compute the following metrics:

Distance-based Precision. Distance-based precision rep-
resents the proportion of predicted poles that have a corre-
sponding ground truth pole, given th. Distance-based pre-
cision is computed given the modified precision formula:

Precisionth =
TPth

(TPth + FPth)
(2)

where TPth represents true positives at th, and FPth rep-
resents false positives. The strict match represents a one-to-
one match between predicted poles and ground truth poles,
where the closest predicted pole is matched to a ground
truth pole, given th. Additional predicted poles within the
designated threshold are considered false positives. In the
all match, all predicted poles within the designated thresh-
old th are matched to the ground truth pole.

Distance-based Recall. Distance-based recall represents
the proportion of poles that are correctly predicted as poles,

given th. Thus the modified recall formula is:

Recallth =
TPth

(TPth + FNth)
(3)

where TPth represents true positives at th, and FNth

represents false negatives. TPth is defined as the number
of ground truth poles that are correctly predicted as poles,
given a distance threshold (th).

Distance-based F1-Score. Distance-based F1-score rep-
resents the harmonic mean between precision and recall,
given specific matching distance threshold (th).

3.2. Electrical Line Segmentation

We propose patch-level segmentation using an asymmet-
ric DeepLabV3 [8] architecture (see supplementary materi-
als) to segment electrical lines. We apply a scaling factor
(sf ) to the ground truth label raster to obtain patch-wise la-
bels, indicating line presence or absence. This approach is
selected over pixel-level segmentation because of the very
thin nature of electrical lines. As an alternative, the scaling
factor allows the model to classify each patch as having an
electrical line or not. sf of 1 is equivalent to pixel-level seg-
mentation, while sf with a value the same as the image size
approximates image classification. Through experimenta-
tion, we observe that an sf of 4 yields good detection and
localization of line segments. At this sf the ground truth
mask is reduced to 1/4 of its original size e.g. 512 x 512
groundtruth mask becomes a 128 x 128 groundtruth after
scaling, and the model classifies every 4x4 image patch as
containing a line or not. DeepLabV3 is selected due to its
atrous convolutions which support rich contextual feature
extraction, a desirable attribute for line segmentation.

The line segmentation model is trained as a binary
model, with a cross-entropy loss and an Adam optimizer
at a learning rate of 1e-5. Other loss functions, such as Dice
and Focal loss, yielded comparable performance to cross-
entropy so no further optimization was done. Similar to
the pole detection model, the line segmentation model is
trained with augmented data samples to prevent overfitting.
We evaluate the line segmentation model at the pixel level
(buffered by 2 meters on each side) and compare it to the
ground truth labels. Buffering is done because the ground
truth test labels weakly align with visible electrical lines in
the imagery as opposed to training labels that are highly
aligned with visible electrical lines in the image. As a re-
sult, the model is trained to predict visible electrical lines in
the imagery rather than infer connections between electri-
cal poles. We observe that ground truth labels in the test set
have an offset of ∼2m from visible electrical lines within
the imagery. In addition to reporting the mean intersection-
over-union (mIOU), precision, recall and F1-score are also
reported. For grid layout reconstruction, identifying grid
presence/absence is more informative than having high fi-
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Figure 3. Spatially distinct geographic train and test splits for
model training. Models were trained on the Kakuma Camp (right)
and tested on the Kalobeyei Camp (left).

delity alignment between the predictions and ground truth,
especially given weak ground truth line labels. Thus we
measure model accuracy in addition to alignment.

3.3. Hard Negative Mining

Learning to detect electrical poles from imagery can be
a difficult task as objects such as fences, street lights, bill-
board poles and even trees, would be closer in representa-
tion to electrical poles, compared to the background. Thus,
these objects will be falsely classified as electrical poles
thereby making reconstruction of the grid layout difficult.
To address this issue, we implement a hard negative mining
strategy for pole detection, where difficult negative samples
such as fences are labelled and included in the dataset for
training. By showing the model hard negative examples,
the model learns distinct representations for electrical poles
thereby further reducing false positive predictions.

3.4. Unified Power Grid Layout

After training both the pole detection and line segmenta-
tion models, the predicted pole raster files are vectorized to
obtain polygons, and the polygon centroids are taken as pole
locations. For the final grid map, we filter out small poly-
gons prior to generating centroids. Predicted power lines
are also vectorized, skeletonized and the same 2 m buffer is
applied around the line skeletons. The buffered line predic-
tions are then polygonized to obtain electrical line predic-
tions. This provides a unified power grid (Ĝa) in an easily
accessible and lightweight vectorized format for humanitar-
ian mappers to use as visual guides when mapping grids.

4. Datasets
Mapping power grid infrastructure from imagery is con-

tingent on having high resolution imagery with visible
power infrastructure and corresponding ground truth an-
notations for model training. We utilize multiple datasets
across diverse geographies to demonstrate the value of the
contributions made in this paper.

Benchmark Dataset. We use a benchmark dataset of
overhead satellite imagery and corresponding pole tower
and line annotations [13] to evaluate the performance of
our grid mapping algorithms. This dataset consists of over-
head imagery collected from Arizona, USA (AZ); Kansas,
USA (KS) and New Zealand (NZ). The images are pro-
vided at 0.3m, resampled from native resolutions ranging
from 0.15m-0.3m. The first 20% of imagery from each city
is used for testing, while the 80% is used for training and
validation, consistent with the dataset authors’ format.

Turkana Integrated Settlement. In November 2022,
the United Nations High Commissioner for Refugees (UN-
HCR), Humanitarian OpenStreetMap Team (HOT), and
Kenya Red Cross Society (KRCS) partnered to conduct
drone mapping of Kakuma-Kalobeyei. Drones successfully
covered 84 km2, capturing imagery at ∼6 cm/pixel. The
collected drone imagery was inspected by HOT mappers,
who manually labeled electrical poles and lines for ∼20%
of the area. This paired dataset of manually annotated elec-
trical poles and lines with drone imagery is used. Anno-
tations for the Turkana Integrated Settlement camp were
downloaded from OpenStreetMaps (OSM). The “power”
and “line” tags were used to search OSM, where the fol-
lowing features were selected and downloaded: “pole”,
“line” and “minorline”. To evaluate the generalizability
of PGRID, the Turkana camps were geographically split as
shown in Figure 3, where the model was trained with data
from the Kakuma Camp (right) and tested in the Kalobeyei
Camp (left). For the training data region, pole annotations
from OSM were manually realigned to corresponding im-
agery prior to training the model. The line annotations
from OSM were used as a guide to annotate actual lines in
imagery as the lines obtained from OSM showed the gen-
eral grid trajectory and not the actual electrical lines within
the image. The models are trained and validated given the
Kakuma train split and performance metrics are reported
for the unseen Kalobeyei test split. 863 poles were used to
train the pole detection model while 636 poles were used
for evaluation. 171 line segments with a mean line length
of 161 m were used to train the line segmentation model
while 118 line segments with a mean line length of 240 m
were used for evaluation.

Table 1. Distance based mean Average Precision (DmAP) for the
tower detection task on the benchmark dataset. Comparison of
GridTracer method with ours (PGRID). On average, PGRID tower
detection outperforms GridTracer on the benchmark dataset.

Methods Backbone AZ KS NZ Mean
GridTracer ResNet50 0.45 0.48 0.54 0.49
PGRID ResNet50 0.57 0.75 0.55 0.62
GridTracer ResNet101 0.73 0.53 0.59 0.62
PGRID ResNet101 0.70 0.72 0.55 0.66
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Table 2. Mean Intersection-Over-Union (mIOU) for electrical line
segmentation on the benchmark dataset.

Methods AZ KS NZ Mean
GridTracer-UNet 0.50 0.34 0.38 0.41
GridTracer-StackNetMTL 0.54 0.40 0.47 0.46
PGRID 0.51 0.34 0.37 0.41

5. Experiments & Results
5.1. Performance on benchmark dataset

We evaluate the performance of our PGRID models on
the benchmark dataset. Tower detection and line segmen-
tation models are evaluated on the test data from all three
regions. The data split is consistent with GridTracer’s data
split for evaluation. Table 1 shows Distance-based mean
Average Precision (DmAP) on the tower detection task for
the benchmark dataset. We compare results from PGRID
to the GridTracer algorithm. PGRID pole detection method
using point labels outperforms the FasterRCNN object de-
tection method utilized by the GridTracer algorithm. Us-
ing a ResNet50 architecture, PGRID outperforms the Grid-
Tracer tower detection method on all three locations. When
the more expressive ResNet101 model is used, further per-
formance gains are observed with PGRID outperforming
by 19% in Kansas and under-performing by only 3-4 %
in Arizona and New Zealand. In addition, PGRID uti-
lizes point labels, as opposed to bounding boxes, thereby
making the label acquisition easier. [5] show that acquir-
ing point annotations is faster and requires less effort than
acquiring bounding boxes, thereby making point supervi-
sion more practical for real-world deployment. Line seg-
mentation model performance on the benchmark dataset is
presented in Table 2. PGRID performs comparably to the
GridTracer UNet model without the added complexity of
predicting orientation with StackNetMTL [4].

5.2. Performance in Turkana Integrated Settlement

PGRID pole detection and line segmentation models are
run on the Turkana drone imagery and results are reported.

Pole detection performance. Figure 4 shows detected
poles using the PGRID pole detection method for a small
sample within the test set. Predicted poles are shown as
red blobs while ground truth poles are visible within the
images. This sample shows that point supervision results in
detection of the full pole, sometimes with predicted blobs
occurring on both edges of the pole (row 3, column 3).

Table 3 presents pole detection model performance for
each of the three camps in the Kalobeyei test area, given
ResNet50 and ResNet101 encoder backbones. Distance
based Precision, Recall and F1-score for the strict and all
match variants, across three trials are shown. Higher F1-
scores are observed when using a ResNet101 backbone

Figure 4. Test set sample images with predicted poles from the
trained pole detection model shown as red blobs.

compared to a ResNet50 backbone. This aligns with expec-
tation as the more expressive ResNet101 backbone learns
better pole representations within the dataset. Predicted
blobs many times encompass the whole pole, such that
the centroid of the blob (used to compute precision) falls
some distance away from the ground truth point (occurring
at a pole edge). Thus, we evaluate performance at 3 dis-
tance thresholds (5m, 7m, 10m), as we observe that poles
cast varying shadow lengths in the imagery (see supple-
mentary material). Improved detection is also observed as
the distance thresholds are increased. When pole shadow
lengths for a random sample of 100 poles in the test set
are measured, less than 30% of randomly sampled poles
have a pole length under 5m. At this distance, viable de-
tections are rejected for poles casting shadows larger than
5m. Thus at a distance threshold of 10m, even using the
strict one-to-one match, we observe improved performance
for both ResNet backbones over a 5m and 7m. Note that
90% of sampled poles cast shadows less than or equal to
10m. We also observe small variances between the strict
and all match variants, indicating that the model is mostly
making single detections for each ground truth pole. We
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Table 3. Pole detection results for 3 camps in the test region, given ResNet50 and ResNet101 architectures. Metrics are reported for a strict
(one-to-one) match between the ground truth and predictions, and the all (many-to-one) match, given 3 distance thresholds.

ResNet50 & 10m ResNet101 & 10 m
PS PA R F1S F1A PS PA R F1S F1A

K1 0.66± 0.06 0.70± 0.05 0.66± 0.02 0.66± 0.03 0.68± 0.02 0.78± 0.01 0.82± 0.01 0.63± 0.01 0.70± 0.01 0.71 ± 0.01
K2 0.56± 0.01 0.62± 0.02 0.78± 0.05 0.65± 0.02 0.69± 0.03 0.63± 0.05 0.68± 0.03 0.72± 0.05 0.67± 0.05 0.70 ± 0.04
K3 0.63± 0.03 0.64± 0.02 0.80± 0.04 0.70± 0.00 0.71 ± 0.00 0.76± 0.02 0.78± 0.01 0.62± 0.06 0.68± 0.04 0.69± 0.04

ResNet50 & 7m ResNet101 & 7 m
K1 0.64± 0.05 0.65± 0.05 0.64± 0.02 0.64± 0.02 0.65± 0.02 0.77± 0.01 0.78± 0.01 0.67± 0.10 0.69± 0.01 0.70 ± 0.01
K2 0.54± 0.02 0.54± 0.02 0.76± 0.04 0.63± 0.02 0.63± 0.02 0.63± 0.05 0.64± 0.04 0.71± 0.05 0.66± 0.05 0.67 ± 0.04
K3 0.63± 0.03 0.63± 0.03 0.80± 0.04 0.70± 0.00 0.71 ± 0.00 0.75± 0.01 0.77± 0.01 0.62± 0.06 0.68± 0.04 0.69± 0.04

ResNet50 & 5m ResNet101 & 5m
K1 0.61± 0.04 0.62± 0.04 0.62± 0.02 0.62± 0.02 0.62± 0.01 0.76± 0.01 0.76± 0.01 0.62± 0.01 0.68± 0.01 0.68 ± 0.01
K2 0.52± 0.03 0.53± 0.02 0.74± 0.06 0.61± 0.03 0.61± 0.03 0.61± 0.04 0.61± 0.04 0.69± 0.05 0.65± 0.05 0.65 ± 0.05
K3 0.63± 0.03 0.63± 0.03 0.80± 0.04 0.70± 0.01 0.70 ± 0.01 0.75± 0.02 0.75± 0.02 0.61± 0.06 0.67± 0.03 0.67± 0.03

considered bounding-box object detection methods such as
FasterRCNN [17], and observe that such object detection
methods struggle to learn when a fixed sized bounding box
is applied for the pole point labels. The uniformly sized la-
bel bounding boxes are either too small (leaving out a por-
tion of the pole) or too big (including non-pole information)
for a subset of the labels, thereby making it hard for the de-
tection algorithm to consistently learn relevant pole features
needed for meaningful detection.

Detecting electrical poles from aerial imagery can be a
non-trivial task, as multiple pole-like structures might be
predicted as electrical poles, while these structures are in
fact not electrical poles. Hard negative mining is applied
to suppress false positives, where the model is trained with
hard negative examples. Table 4 shows performance across
the three camps with and without hard negative mining,
at the 10m distance threshold using the strict match and
ResNet101 encoder. Hard negative mining improved model
performance between 3-8 % in K2 and K3.

Line segmentation performance. Table 5 shows line
segmentation model performance across the three camps in
Kalobeyei. Mean Intersection-Over-Union (mIOU) is re-
ported to measure alignment between the ground truth and
predicted electrical lines, while precision, recall, F1-score
are used to measure how well the model detects lines. For
the purpose of mapping grid layouts, line detection is of
higher importance when compared to perfect alignment.

The PGRID line segmentation model is able to detect
electrical lines with F1-scores between 0.77-0.82, with the

Table 4. Comparison of F1-scores using ResNet101 architecture
when model is trained with and without hard negative mining. We
report results at a distance threshold of 10m.

F1S F1A
K1 K2 K3 K1 K2 K3

No - HNM 0.70 0.64 0.60 0.72 0.66 0.61
HNM 0.70 0.67 0.68 0.71 0.70 0.69

lowest performance occurring in K2. The lower perfor-
mance in the K2 camp is because lines are drawn connect-
ing poles while there are no visible lines in the imagery.
Intuitively, connecting poles with lines makes sense how-
ever, we do not run a post-processing step connecting lines
and poles, as our partners also observe that there are areas
in the integrated settlement where the grid is still under-
construction. Across 3 trials, there is small variance in
model performance, indicating the stability of the model
in segmenting electrical lines. For our application, model
outputs serve as a guide for mappers to accept/reject pre-
dictions, rather than as a standalone annotator of the grid.
Figure 5, shows sample line predictions (left) and a small
portion of the predicted grid (right) given the ground truth
labels for poles and electrical lines, in the test region.

5.3. Comparison to a global power systems dataset

Information on power grid layouts is valuable for mea-
suring electricity access and for allocating resources for grid
expansion. Open access power system datasets such as the
ground truth Kenya Electricity Network dataset [19] pro-
vided by Kenya Power and Light Corporation (KPLC) or
approximations of Low Voltage (LV) coverage such as [3],
provide relevant information about distribution-level grid
layouts and electricity access. However, these datasets
are often incomplete especially in remote areas. Our ap-
proach for reconstructing grid layouts from overhead im-
agery, provides a pathway for augmenting existing power
grid datasets, thereby providing more comprehensive es-
timates of power systems coverage. Figure 6 shows the

Table 5. Performance of line segmentation model, reporting align-
ment with the mIOU and detection accuracy with the F1-score.

mIOU Precision Recall F1-score
K1 0.70± 0.01 0.83± 0.00 0.82± 0.00 0.82± 0.00
K2 0.63± 0.01 0.75± 0.00 0.81± 0.00 0.77± 0.00
K3 0.67± 0.00 0.77± 0.01 0.85± 0.01 0.81± 0.00
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Figure 5. Left: Sample images showing electrical lines (top), ground truth lines buffered by 2 m (middle) and model predictions (bottom).
Right: Sample ground truth power line (blue) alongside on predicted power line (green). Electrical poles are shown as circles.

newly mapped grid coverage after running inference with
our model relative to the low voltage estimate in the global
power systems dataset by [3]. The figure shows the pres-
ence of a power grid (red dots) using PGRID estimates,
relative to the global power systems dataset (blue squares)
for Kakuma camp at a 250m/grid cell resolution, the native
resolution of the global power systems dataset. Only the
Kakuma Camp is shown, as no LV data is available from
open source datasets for other regions in the Turkana In-
tegrated Settlement. With PGRID, we are able to include
previously unmapped regions thereby augmenting existing
estimates of grid topology. With growth in drone map-
ping and open imagery platforms such as OpenAerialIm-
agery, PGRID can be applied across geographies to map
grid topology in previously unmapped regions.

6. Conclusion

In this work, we show a real-world application for map-
ping power grid infrastructure in unplanned settlements us-
ing high-resolution aerial imagery. By implementing ad-
vanced pole detection and line segmentation models, we
show the effectiveness of PGRID in accurately reconstruct-
ing power grid layouts in the Turkana region, particularly
within the Kakuma and Kalobeyei Camps. Results showed
that PGRID provides a detailed and accurate representa-
tion of electricity access in these challenging environments.
The successful application of this method in resource-
constrained settings and the provision of open source code,
highlights its potential for broader use in other unplanned or
underserved regions. Leveraging open data supports scal-
able solutions, providing high-precision guidance to map-

pers. This can greatly benefit humanitarian efforts and in-
frastructure planning, leading to better resource allocation,
enhanced service delivery, and ultimately, improved quality
of life for communities in these areas.

Figure 6. PGRID provides comprehensive mapping of power dis-
tribution grids, represented by red points, covering areas that are
sparsely mapped in existing datasets, shown in blue. The ex-
isting dataset, based on [3], provides limited coverage of low-
voltage power distribution grid for the Turkana Integrated Settle-
ment. Grid coverage is depicted at the resolution of 250m/grid
cell, demonstrating the increased granularity of our approach.
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