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Introduction

Our goal is to fill this information gap in the electricity access space by generating maps of electric 
power grid networks that enable policymakers to identify optimal strategies for providing 
electricity access to communities without such access. To accomplish this, we use deep learning 
techniques to detect electricity transmission and distribution infrastructure in satellite and aerial 
images. Past research on aerial imagery has focused on extraction and classification of land use 
[4][5], identification of solar PV arrays [6], building detection [7], or segmentation of road 
networks [8], but the detection of electricity infrastructure is relatively unexplored. 

Over 14% of the global population lacks access to electricity. This lack of access is largely 
concentrated in the developing nations of Sub-Saharan Africa and Southeast Asia [1] (Figure 1).  
Since electricity access positively correlates with improved economic, educational, and health 
outcomes [2], identifying cost-effective pathways to electrification is important. However, this 
process requires data on existing grid infrastructure, which is often unavailable or expensive.

Figure 1: Countries with the greatest need for electricity access span two continents and represent a wide range of 
geographies [3]. While India has the single largest unelectrified population, countries in Sub-Saharan Africa tend to have 
larger unelectrified populations as  a percent of their total populations.
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1.06 Billion People Still Lack Access to Electricity

Figure 2: Project Overview. Overview of the  automated process of mapping electric power grid networks by 
detecting electricity infrastructure in high-resolution satellite and aerial imagery with deep learning.
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Figure 3: (Left) Comparison of the three object detection models’ performance on the same test set. The recall shows that the 
models (colored above) detect the majority of transmission and distribution towers, and the precision shows that the models 
don’t produce excessively many false positives. (Right) The three models made different object detections in this sample image.
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Predict on the test imagery, and compare predicted 
bounding boxes to ground-truth labels. A tower is “detected” 

if a prediction is within a 2.25 meter radius from the tower.

False 
Positive

This project focuses on three main research questions:

Q1
How accurately can we detect transmission and distribution 
infrastructure in satellite and aerial imagery using state-of-the-art 
object detection frameworks?

Q2
How generalizable is the performance of electricity infrastructure 
object detection models across different geographic locations?

How does the resolution of aerial or satellite imagery impact the 
electricity infrastructure detection model’s performance?Q3

Q1

We answered the first question (Q1) by applying three state-of-the-art object detection 
frameworks, Faster R-CNN [9], RetinaNet [10], and YOLOv2 [11], to an annotated dataset 
containing labeled electricity infrastructure in aerial imagery from regions in Arizona, 
Connecticut, North Carolina, and Kansas [12]. We then chose the best performing model to help 
answer the second (Q2) and third (Q3) questions. 
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Train object detection models on electricity infrastructure 
examples. The neural network learns to identify different 

types of electricity infrastructure objects.

Crop aerial images into patches of 512×512 pixels (with 
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Using the object detection architectures RetinaNet, Faster R-CNN, and YOLOv2, we trained 
three models on aerial imagery from Arizona, Connecticut, Kansas, and North Carolina. Each 
model’s parameters were fine-tuned before comparing results. RetinaNet had the best overall 
performance, with a precision and recall both around 0.65 (at the point with the best F1 score). 
RetinaNet also achieved a maximum recall of 0.72 (at a precision of 0.52). Together, these results 
indicate that the model detected the majority of transmission and distribution towers, while not 
producing an excessive number of false positives. 
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After training three model architectures to identify grid infrastructure in imagery from four states 
across the USA, we achieved precision and recall performance both around 0.65, and with the potential 
to increase recall closer to 0.72 (with lower precision). These results show the promise of using deep 
learning to identify transmission and distribution towers for grid infrastructure mapping.

Our model trained on all four US locations consistently matched or outperformed models only trained 
and tested on a single location (e.g., USA outperformed KS in column 3). This indicates that the model is 
able to aggregate knowledge about electricity infrastructure in imagery from multiple locations and 
apply it to improve performance. This provides a potential solution for making more generalizable 
models, and supports the prospect of training an even broader “world model” with additional data.

After repeating steps 1-3 and selecting the best-performing 
model, we convert predicted infrastructure locations into 

geospatial data.
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Our findings suggest that electricity infrastructure detection works with very high resolution 
imagery (0.15m to 0.3m resolution), while overhead imagery from most publicly-available sources (of 
1m resolution or coarser) is too low-resolution. Model performance declined as image resolution 
decreased, with resolutions of 0.5m or coarser performing poorly. 
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Figure 5: (Above) Precision-Recall 
curve displaying model performance 
across four image resolutions. (Right) 
Example images displaying the effect 
of reduced image resolution.
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Performance at Different Resolutions
Overhead imagery from different sources exhibit a wide range of resolutions (high: 0.15m to low: 
>10m) that impact how well infrastructure of different sizes can be seen in imagery. Higher 
resolution data is generally limited in availability and greater in cost. To explore the relationship 
between image resolution and model performance, we trained four models on images from 
Tucson, AZ at different resolutions to represent commonly available image sources. We found that 
model performance decreases significantly with imagery at 0.5m resolution or coarser.

Q3

Generalizability Across Diverse Geographies
To scale up these techniques, we need to be able to train once, and apply in many diverse 
geographies. To see how well a model trained on imagery from one location can predict on other 
locations, we evaluated five models that were trained on five different training locations (as labeled 
below), on each test location. Unsurprisingly, models trained and tested on the same location had 
higher precision/recall. However, the best performance is from the model trained on the entire 
USA dataset, illustrating that training on diverse geographies leads to more generalizable models.

Q2

Tucson, AZ 
(Desert)

Hartford, CT 
(Suburban)

Colwich, KS 
(Plains)

Clyde & Wilmington, NC
(Forest)

Figure 4: Performance of five models trained on five different training locations, evaluated on test imagery from four different 
states. Note that some training locations (labeled on the plots) generalize to different test locations better than others, and the 
model trained on data from across the USA (a combination of the other four locations) achieved the best performance.
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