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Abstract

Millions of abandoned oil and gas wells are scat-
tered across the world, leaching methane into the
atmosphere and toxic compounds into the ground-
water. Many of these locations are unknown, pre-
venting the wells from being plugged and their
polluting effects averted. Remote sensing is a rela-
tively unexplored tool for pinpointing abandoned
wells at scale. We introduce the first large-scale
Benchmark Dataset for this problem, leveraging
high-resolution multi-spectral satellite imagery
from Planet Labs. Our curated Dataset comprises
over 213,000 wells (abandoned, suspended, and
active) from Alberta, a region with especially high
well density, sourced from the Alberta Energy
Regulator and verified by domain experts. We
evaluate baseline algorithms for well detection
and segmentation, showing the promise of com-
puter vision approaches but also significant room
for improvement.

1. Introduction

Across the world, there are millions of abandoned oil and
gas wells left to degrade by the companies or individuals
that built them. No longer producing usable fossil fuels,
these wells nonetheless have a significant impact on the en-
vironment, with many of them leaking significant quantities
of methane, a powerful greenhouse gas, into the atmosphere.
In aggregate, these emissions represent the equivalent of
millions of tons of carbon dioxide per year (Williams et al.,
2020). In Canada, an estimated 370,000 abandoned wells
produce methane equivalent to half a million metric tons of
COg4 annually (Williams et al., 2020; ECCC, 2024), while
in the U.S., there are an estimated 4 million abandoned
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wells (Williams et al., 2020), releasing over five million
metric tons of CO4 equivalent emissions per year. Despite
the small percentage, the high global warming potential of
methane underscores the need for improved monitoring and
management to reduce environmental impact. Abandoned
wells also pose health and safety concerns, in particular by
leaching toxic chemicals into the groundwater of surround-
ing communities (Cahill et al., 2019). It is possible to plug
abandoned wells to mitigate the harms associated with them
(with so-called “super-emitter” wells an especially high pri-
ority (Riddick et al., 2024; Kang et al., 2016)). However,
a significant fraction of abandoned wells remain unknown.
In Pennsylvania, as much as 90% of abandoned wells are
estimated to be unrecorded (Kang et al., 2016). In Canada,
abandoned wells have been described as the most uncer-
tain source of methane emissions nationally due to the poor
quality of data surrounding them (Williams et al., 2020).

With the advent of large-scale remote sensing datasets and
powerful machine learning tools to process them, it has be-
come possible to label and monitor the built environment
as never before (Rolf et al., 2024). Many such works have
focused on opportunities to use remote sensing to accel-
erate climate action and environmental protection, and oil
and gas infrastructure has increasingly been an object of
scrutiny (see e.g. Yang et al. (2013); Sheng et al. (2020)). In
this work, we present the first large-scale machine-learning
benchmark dataset for pinpointing onshore oil and gas wells,
encompassing abandoned, suspended, and active wells. Our
main contributions are as follows:

* We introduce the Alberta Wells Dataset, containing
information on over 200k abandoned, suspended, and
active onshore oil and gas wells with high-resolution
satellite imagery. Our Dataset available at: https:
//zenodo.org/records/13743323.

* We frame the problem of identification of wells as a
challenge for object detection and binary segmentation.

* We evaluate a wide range of state-of-the-art deep learn-
ing algorithms, showing promising performance but
emphasizing the challenging nature of the task.

We hope that this work will represent a step towards scalable
identification of abandoned well sites and the reduction of
their deleterious effects on our climate and environment.


https://zenodo.org/records/13743323
https://zenodo.org/records/13743323
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Table 1. Previous datasets in which remote sensing algorithms are applied to detect oil and gas wells. “N/A” is given for datasets that do

not indicate the number of individual wells in the dataset.

Dataset O&G Well  Total Well  Resolution Geography Imagery
Count Images (m/px) Source
NEPU-OWOD V1.0 (Wang et al., 2021) 1,192 432 0.41 Daging City, China
NEPU-OWOD V3.0 (Zhang et al., 2023) 3,749 722 0.48 China & California
Oil Well Dataset (Shi et al., 2021) N/A 5,895 0.26 Daging City, China
0O&G Infrastructure (Guisiano et al., 2024) 630 930 0.15-1 Permian Basin, USA
Well Pad Dataset (Ramachandran et al., 2024) 12,490 10,432 0.3-0.7 Pe“g"““? and Denver Google Earth
asins, USA
NEPU-OWS V1.0 (Wu et al., 2023b) N/A 1,200 10 Russia
NEPU-OWSV2.0 (Wu et al., 2023a) N/A 120 10/20/60 Austin, USA Sentinel-2
Alberta Well Dataset (Ours) 213,447 94,343 3 Alberta, Canada Planet Labs

2. Previous Work

Hundreds of satellites continuously monitor the Earth’s
surface, generating petabyte-scale remote sensing datasets
(Rolf et al., 2024). With advancements in hardware, the
quality of remote sensing images has significantly im-
proved in terms of spatial and temporal resolution. High-
quality remote sensing data are available through state-
funded projects like Sentinel and Landsat and, more recently,
through private enterprises such as Planet Labs (PBC, 2024).
Increasingly, machine learning has been used to parse such
raw data, including in various applications for tackling cli-
mate change (Yang et al., 2013). Benchmark datasets in this
area have included tasks in land use and land cover (LULC)
estimation (Sumbul et al., 2019), crop classification (Tseng
et al., 2021), and forest monitoring (Bountos et al., 2025).
Although developed primarily for urban monitoring, the
SpaceNet 7 dataset (Van Etten et al., 2021) features a small
number of study sites with oil wells.

Within this area of research, an increasing body of work
has considered the problem of detecting artifacts associated
with oil and gas operations. The detection of oil spills using
a combination of remote sensing and machine learning has
been widely explored (Wang et al., 2023a; Yang et al., 2022).
Recently, the detection of oil and gas infrastructure has also
been investigated (Prajapati et al., 2022), with some studies
focusing on the goal of estimating methane emissions (Zhu
et al., 2022; Omara et al., 2023). The dataset by Sheng et al.
(2020) includes 7,066 aerial images, with 149 images of
oil refineries. The METER-ML dataset (Zhu et al., 2022)
comprises 86,599 georeferenced images in the U.S. labeled
for methane sources. The OGIM v1 dataset (Omara et al.,
2023) includes 2.6 million point locations of major facili-
ties. A dataset by Chang et al. (2023) features 1,388 images
of pipelines in the Arctic, while a dataset by Wang et al.
(2023b) includes 3,266 images of heavy-polluting enter-
prises with 0.25 m resolution.

The problem of detection of oil and gas wells has also
been proposed by a number of authors. However, Existing
datasets are quite small (500-10,000) and typically are lim-
ited to a small region and contain only active wells, limiting

Table 2. Statistics of instances and wells across the dataset.

Total Wells/ Count of Well Type in
Split Patches Non-Wells Wells Patches of Split
Patches Abandoned ~ Suspended Active
Train 167436 83718 46342 47595 100294
Validation 9463 4731 3166 2671 2406
Test 11789 5894 4024 3609 3340

their applicability in identifying abandoned or suspended
wells as summarized in Table 1. Most of these studies have
primarily focused on basic machine learning algorithms for
well detection due to the limited sample size.

3. Alberta Wells Dataset

We introduce the Alberta Wells Dataset for oil and gas well
detection. The dataset is drawn from the province of Al-
berta, Canada, a region with the third-largest oil reserves
in the world and a substantial number of oil and gas wells,
many of which have been present for over a century. The
entire province of Alberta (an area larger than the UK and
Germany combined) encompasses a diverse range of geo-
graphical zones and is highly diverse for a landlocked region,
including prairies, lakes, forests, and mountains. The dataset
contains over 188,000 patches of satellite imagery acquired
by Planet Labs (PBC, 2024), which we make publicly avail-
able, with around 94,000 containing wells covering more
than 213,000 individual wells. (More Details in Table 2).
Each patch is annotated with labels for both segmentation
and bounding box localization. The annotations are based
on data from the Alberta Energy Regulator (AER, 2024),
quality-controlled by domain experts.

Our dataset attempts to maximize the amount of data avail-
able for learning by including a mixture of active and sus-
pended wells alongside abandoned wells. These types of
wells appear overall similar in satellite imagery. In contrast
to abandoned wells, “suspended” refers to wells that have
merely paused operations temporarily, though this desig-
nation can be inaccurate, and some wells are classified as
suspended for long enough that they are truly abandoned.
Active wells are those that are currently in operation.

To simulate real-world conditions, we ensure a varied den-
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(a) Training set (b) Validation set (c) Test set

Figure 1.Distribution of the number of individual wells in positive samples from the dataset. We also include an equal number of images
with no wells at all.

Table 3.Information on the numbers of wells represented in the dataset across different states (suspended, abandoned, and active). It also
includes domain-speci ¢ metadata, such as the mode of operation and the types of fossil fuels extracted, which were used for Itering and
quality control.

Well State Count License Status ~ Mode Short Description Fluid Short Description
Suspension All
Suspended 55007 Issued Gas, Crude oil, Crude bitumen,
Amended Suspended Liquid petroleum gas,
Abandoned Al Coalbed methane-coals and other Lith,
Abandoned 54947 Issued Abandoned, Abandoned Zone,Coalbed methane-coals only,
Amended Junked and Abandoned. Shale gas only, Acid gas,
Issued Flowing. Pumping.Gas Lift CBM and shale and other sources,
Active 107139 Amended 9: ping, ' Shale gas and other sources.
Re-Entered Abandoned and Re-Entered

sity of wells per image, as highlighted in Figure 1. We abandoned, or suspended based on criteria developed in
also include satellite imagery patches with no wells presentonsultation with domain experts, as shown in Table 3. We
from areas nearby to areas with wells, ensuring no overlapheck for duplicate location coordinates in the dataset and
between the samples. This balanced dataset maintains agsolve them by retaining the instance with the latest drill
equal distribution of well and non-well images. Table 2 date. Finally, we ensure all the well instances in the dataset

details the total sample count in each dataset split. are within Alberta's boundaries. The raw metadata le has
around 637,000 instances, while the surface hole geometry
3.1. Data Collection, Quality Control & Patch Creation le has around 512,000 instances. After Itering and per-

forming quality control on the datasets with domain experts,
The Alberta Energy Regulator (AER) oversees the energy e haye around 217,000 instances. We then calculate the ge-

industry in the province, ensuring companies adhere to regyjyraphical bounds covered by the well instances across the

lations as they develop oil and gas resources. AER p”b"Shepc’rovince and divide the region into non-overlapping square
AER ST37 (AER, 2024), a monthly list of all wells reported i a4e patches, each covering an area of 1.1025 sq km (with

in Alberta, detailing their geographic location, mode of 0Pp-gjges of 1050m). These images include various numbers
eration, license status, and type of product being extractegs iqividual wells (see Figure 1), and we ensure that an

among other attributes. This data provides a metadata (-tXQpproximately equal number of patches exist with and with-

le and a .shp shape le, where each entry represents ¢ welis. As a result of this process, some samples were

unique geo-location point per site but often contains dupligycjuded due to being located outside Alberta's geograph-

cates. However, this data cannot be used directly becaugg,) boundaries, leading to a nal total of approximately
the license status or mode of operation does not always €0513,000 well instances in the dataset patches.

relate with the actual status of the well and often contains

duplicates. Therefore, we work with domain experts to Per3 5 Dataset Splitting
form quality control as illustrated in Figure 5 (Appendix).

To create a well-distributed dataset that represents various

First, we remove duplicate entries from the well metadata . . .
which often contain multiple instances of the same We"geograpmcal regions and offers a diverse dataset for eval-
uation, we developed a splitting algorithm (Algorithm 1)

identi ed by duplicate license numbers. We resolve these ' . X . Lv
which focuses on balancing regions, not individual exam-

duplicates by retaining the most recent update. A similal les, ensuring that both the training and test sets re ect a

approach is applied to the shape le, where duplicates aréiverse range of regions from Alberta’'s varied landscape.

resolved using the license date. Afterward, we merge both., . . ; .
. . This approach preserves dataset diversity and simulates real-
datasets and Iter the data, categorizing the wells as active, i )
World conditions where imbalances are common.
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(a) Step-1 ki clusters  (b) & cluster centroids

(c) Step-2 k; clusters (d) Final Dataset Split

Figure 2.lllustration of the outcome of applying our dataset splitting algorithm: In Figures (@) to (c), different colors represent various
cluster IDs. In Figure (d), blue refers to the training set, orange to the validation set, and green to the test set.

Algorithm 1 Clustering Algorithm for Dataset Splitting

W : Set of image patches ids containing welSW : Set of image patches ids
not containing wells

Input: x; represents the-th patch with centroid coordinates, wherei 2 W or
i2 NW ;

Output: Ts: Test Set T, : Train Set ;E : Eval Set ;

Step 1: Clustering intoM Clusters

Perform K-Means Clusterinig; ( ) with M clusters using all centroid coordinates
ci,wherei 2 W .

Assign each-th patch into them -th cluster wheren 2f 1,...,Mg andi 2 W :
clusterk1; = ki(ci) = m and update patchés; ; ci;k1i)

We, = fj 2 W jkyj = zg
Calculate cluster centroidsz; based on values of; and update patch:
(Xi;ci;K1i;c2j), wherei 2 W, .
end for
Step 2: Clustering intoN Super Clusters
LetW . be the set of uniquey; forj 2 W
Perform K-Means clusterink, ( ) with N clusters using alt;; 2 W .
Assign eachczi 2 Wy to n-th cluster, wheren 2f 1,.,Ng & kpi =
ka(czi) = n.
Update patche§x; ; cj ; K1j ; C2j ; K2j ) wherecy; =
Step 3: Assigning Patches to Sets
forz 2f 1;:::;N gdo
Find allj withkz; = z,wherej 2 W asWy, .
Find uniqueky; and counb; associated with it fof in W¢, . The, assigrk;
with minimum counts as minand mir .
For eachi in W, , append to Ey if kyj = miny, to Ts if kyj = ming,
otherwise tor, .
end for
Step 4: Assigning Non-Well Patches
for each setounterinfE,, Ts, T; g do
for each uniqué,; asz; 2 set_counter do
Find convex hull radius (z;) of area occupied by; , wherej 2
set_counter & ki = z;.
Locate non-well patchels 2 NW within radiusr (z;) not in any other
cluster; Assigrf to clusterz; : (x¢ ;cf ; ki)t kit = zj .
end for
end for
Step 5: Imbalance Correction
Tw refersto Count of Well Instances®,,, refersto Count of Non-Well Instances
in a Dataset Split
if Thw ¢ Tw then

cy andj 2 W.

Identify clustersky;j in data split contributing to the imbalance of excess non-

well patches, assign W ¢
for eachi in Wj; do
CountNonWells(k 1 )

R()=( Tow Tw) ® CountNonWells(k 1) wherel2 W i
the no. of Samples to be Removed frosth Cluster.
end for
else
Sample non-well patcheg :j 2 NW & 62ky; .
end if

; whereR (i) is

This method involves forming small clustéeg of nearby
well patches based on their centroids as illustrated in Figure
2 (a). These small clusters are then grouped into larger,
non-intersecting super-clustees , with each super-cluster
representing a city or larger geographical area. The for-
mation of super-clusters involves calculating a centroid for
eachks; cluster based on the centroids of the well patches it
contains as illustrated in Figure 2 (b). By clustering wells
in this manner, we ensure tha; clusters group wells from
nearby localities together, whilke; clusters group wells
from the same geographic region as illustrated in Figure 2
(c). Thus, eaclky; cluster represents a geographic distribu-
tion, with eachky; cluster within it representing a sample
of that distribution. To ensure a diverse and well-distributed
evaluation and testing of our machine learning model, we
select theky; clusters with the two fewest well instances
from eachky; super-cluster for inclusion in the evaluation
and test sets. This approach ensures a diverse representation
of the dataset as observed in Figure 2 (d). Moreover, we
maintain an equal distribution of well and non-well patches.
In cases of imbalance in non-well images, we exclude such
patches from the contributiniy; clusters as speci ed in
Algorithm 1. For imbalances in well images, we sample
non-well patches that are not part of any other clusters.

The parameters used in constructing the datasetlare
300andN = 30. These were picked heuristically so as to
create a well-distributed dataset. Alberta's varied landscape
offers a rich environment for creating a comprehensive oil
well dataset. Training machine learning models on this ex-
tensive dataset improves their robustness and ability to gen-
eralize to similar, less-studied regions, thereby supporting
well detection and efforts to mitigate global warming. By
forming non-overlapping clusterk), each with its own
well and non-well patches, we minimize the risk of data
leakage while ensuring diversity. We also balanced non-
well images across clusters to better simulate real-world
conditions and maintain the diversity of the dataset.
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3.3. Satellite Imagery Acquisition & Label Creation

We used PlanetScope-4-Band imagery (PBC, 2024) fea-
turing RGB and Near Infrared bands to represent satellite
images of the region with a medium resolution of about 3
meters per pixel. PlanetScope, a product of Planet Labs,
consists of approximately 130 satellites that can image
the entire Earth's land surface daily, collecting up to 200
million sg. km of data each day. We obtained Surface
Re ectance imagery, which is offset-corrected, at- eld-
corrected, ortho-recti ed, visually processed, and radio-
metrically corrected. These processes ensure consistency
across varying atmospheric conditions and minimize uncer-
tainty in spectral response over time and location, making
the data ideal for various applications.

We choose Planet Labs data over other alternatives since it

is updated daily, making it possible to pick a consistent time

for all the images, which is important for training dataset

consistency. It also provides multispectral imagery (4-band:

RGB+Near Infrared), and the Near Infrared band is a useful

addition (as we later verify in Table 7) since certain features,

like ground depressions indicating well sites, may be more

detectable in this band. Lastly, while other alternatives

may be limited in remote regions, Planet's global satellite

constellation ensures more consistent coverage. All the

imagery we use is made publicly available in the dataset.

To ensure the highest quality, we selected images with no

cl_ou_d CO\{er' The images Were a(_:quwed by Plane_t Satell'tel§igure 3.Sample image patches from our dataset includes exam-
within a timeframe that aligns with the well-location data ples with no wells, two wells, and multiple wells. Additionally,
from AER. We obtained satellite images for each samplgye present qualitative results with predictions generated by our
based on geographical coordinates, ensuring an intersectiGgmentation U-Net (ResNet50) and DETR ResNet50 model.
between the actual area of interest and the acquired imagery.

We frame the task of identifying wells as both an object dexrategy.) Additionally, we created multi-class segmentation
tection and segmentation task. In a real-world setting, highy 355 “where each class represents a different state of the
performance in either detection or segmentation would bg g (active, suspended, or abandoned), and included this
suf cient for detection of wells; therefore we test both fram- jn¢ormation in the object detection annotations. (We do not
ings since it is noa priori clear which may be best suited t0 herform multi-class segmentation experiments here, but it is

remote sensing algorithms. For each image patch, as shofhssiple that future researchers may nd this task useful.)
in Figure 3, we generated corresponding segmentation maps

and object detection annotations for all known wells in the .
image based on the point labels provided in the AER dataAT' Experiments

For binary segmentation, we annotated each well site Witiye eyajuate the performance of deep learning models for
a circle to match the teardrop shape typical for well sitesyinary segmentation and object detection tasks. Our focus
We standardized the diameter of a well site to a value ofycjydes all oil and gas wells, regardless of their operational
90 meters (such sites typically range from 70 to 120 meterg a5, since they exhibit similar footprints and consistent

in diameter). We used the same scale to de ne boundinge a1 res, making them detectable in satellite imagery.
boxes in the object detection task, following the COCO (Lin

et al., 2014) format for annotations. The overlap in groundVe augment images by randomly resizing images to
truth bounding boxes for some of the wells in Figures 3,4,10256 256, ensuring all bounding boxes remain intact for ob-
and 11 re ects the clustering of multiple wells in densely ject detection. We then apply horizontal and vertical ipping
developed oil and gas sites, where the spatial overlap g¥ith a probability of 0.25 each, followed by normalization
wells and infrastructure is common. (Note that this is a chartsing channel-wise mean and standard deviation calculated

acteristic of the data, not a limitation of our quality control from the training split of the dataset. The hyperparameters
we use in these various models represent standard perfor-
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mant settings and are not intended to represent the outconferther insight into segmentation accuracy. F1-Score, the
of hyperparameter optimization. harmonic mean of precision and recall, provides a balanced
measure considering both false positives and false negatives.

4.1. Binary Segmentation

. . 4.2. Object Detection
We selected well-known baseline models for binary seg- )

mentation, encompassing the deep CNN-based approachEer binary object detection, we consider both single-stage,
U-Net, PAN, and DeepLabV3+, as well as the Transformeri.e., RetinaNet (Lin et al., 2017), FCOS and SSD, and two-
based architectures Segformer and UperNet. stage CNN-based architectures, i.e. Faster R-CNN (Ren
et al., 2017), and the transformer-based architecture DETR

U'—Net (Ronneberger et gl., 2015.) was cho;en for it Carion et al., 2020). RetinaNet (Lin et al., 2017) is a one-
widespread use as a baseline, offering an effective encoder:

decoder architecture for multi-scale feature extraction. PAN'Stagle archltec_ture trained using focal loss, Whlch helps to
. ) ; . ., address class imbalance. It uses a Feature Pyramid Network
(Li et al., 2018) improves multi-scale context with pyramid

. . . for multi-scale feature extraction and ef cient object detec-
pooling and attention mechanisms. DeepLabV3+ (Chen. .

. L tion across different scales. Faster R-CNN (Ren et al., 2017)
et al., 2018) was selected for its popularity in remote sens-

ing tasks with its Atrous Convolution and ASPP module'> & two-stage model recognized for its high accuracy. It
. . : : employs a Region Proposal Network for generating region
for capturing contextual information at various scales. Seg-

Former (Xie et al., 2021) is a transformer-based architectur® roposals and a separate network for predicting class labels

. ; . - . and re ning bounding box coordinates. FCOS (Fully Con-
designed for semantic segmentation, utilizing self-attention . ) ) .

) i ; volutional One-Stage Object Detection) (Tian et al., 2019)
mechanisms for capturing long-range dependencies. Upe(5i_rectl redicts object locations and categories from feature
Net (Xiao et al., 2018) combines UNet and PSPNet (Zhaqg yp ) 9

: : : maps, which is effective for small object detection. SSD
et al., 2017) architectures, featuring a UNet-like structure(Sinpgle Shot MultiBox Detector) (Liu etjal 2016) uses mul-
for multi-scale feature fusion and PSPNet's pyramid pool- N

. . . . . tiple feature maps at different scales, enhancing its accuracy
ing module integrated with a Swin Transformer (Liu et al., . . .

. . . for small objects. DETR (DEtection TRansformers) is a
2021) backbone for ef cient multi-scale processing.

transformer-based model that treats object detection as a
We train all CNN-based models using a ResNet50 backset prediction problem. It eliminates the need for special-
bone, a batch size of 128, and the BCELogits loss fundzed components such as anchor boxes and NMS, using
tion. To ne-tune the model, a cosine annealing schedtransformers to directly predict the nal set of detections.
uler (Loshchilov & Hutter, 2017) is used, which adjusts All object detection models are trained using a ResNet50

the learning _rate_ smoothly in a cypllcal manner by .g.radubackbone, except for SSD Lite, which is trained with a Mo-
ally decreasing it. We also experimented with additional

. ) bileNet backbone. The batch size is set to 256 for Faster
backbones with U-Net to evaluate the impact of backboneﬁ_CNN and ECOS and 512 for RetinaNet and SSD Lite
with larger receptive elds and attention mechanisms. Thi )

included ResNeXt50 (Xie et al., 2017), which enhances fea; e useda cosine annealing scheduler (Loshchilov & Hu_tte_r,
| S 017) and trained all models for 120 epochs. DETR simi-
ture learning through grouped convolutions; SE-ResNet5 :
I . -~ Tarly uses a ResNet50 backbone but has a batch size set to
(Hu et al., 2018), which introduces channel-wise attentio L . S
4. All models are optimized using the AdamW optimizer.

with Squeeze-and-Excitation blocks; and Ef cientNetB6 For binary object detection model evaluation, we calculate

(Tan & Le, 2019), known for its balanced scaling. In 5®%ntersection over Union (loV) at various thresholds (e.g.,

mentation, the combination of UperNet's contextual aggres: ; .
. \ . loUg:1, loUp.3, I0Ug:5), which measures how well predicted
gation and the ConvNeXt backbone's ef cient representas . ; . X
4 . . . bounding boxes align with ground truth. loU is computed

tion enables precise segmentation, particularly valuable fo - . .
remote sensing applications. For transformer-based mode(. dividing the area of overlap by the area of their union,
g app ) with higher values indicating better alignment. loU thresh-

while both Segformer and UperNet use a Dice loss functlonolds de ne the minimum overlap required for a predicted

and a polynomial learning rate scheduler, Segformer utilize%OX to match a ground truth box. (For example, andgU

ifnlg)ov-vﬁlz (L)J< 'iﬁ:l:l' higil():gr?\fll\(lz(;ge (\gr'rt]gﬁ‘ gsécgsslze)fhreshold means a predicted box must have at least 50%
' b verlap with a ground truth box to be considered a correct

and Swin Transformer backbones with a batch size of 64) ; .
All models are optimized using Adamw for 50 epochs. detection.) We also assess Mean Average Precision (mAP),

including mAR, and mARq.g5, measuring the model's
We evaluate the binary segmentation task with respect tprecision-recall trade-off and detection accuracy at various
loU, Precision, Recall, and F1-Score. High Precision cortoU thresholds. mAR measures precision at an loU thresh-
responds to reducing false positives, while high Recall coreld of 0.5, while mARy.g5 averages precision across loU
responds to reducing false negatives. loU measures théresholds from 0.5 to 0.95. Higher mAP scores re ect
overlap between predicted and ground truth masks, offeringpetter detection accuracy and precision.While higher loU

6
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Table 4.Results for the binary segmentation task for a variety of models evaluated over the test set.We report the Intersection over Union
(loV), precision, recall, and F1-score.

Architecture Backbone Params GFLOPs loU F1 Score Precision Recall
ResNet50 32.52M 21.42 58.5 619 0.8 90.2 22 623 1.6
U-Net ResNext50 32M 21.81 58.20.2 62.1 0.3 88235 636 17
SE_ResNet50 35.06M 20.83 58.9.7 629 07 888 16 644 1.4
Ef cientNetB6 43.83M - 60.4 0.3 648 0.4 87.8 0.4 66.3 0.3
PAN ResNet50 24.26M 17.47 57.80.8 61.5 0.9 89.3 1.2 615 0.9
DeeplLabV3+ 26.68M 18.44 56.80.7 60.6 0.7 894 1.3 618 1.1
Segformer mit-b0-ade 3.72M 3.52 57.65 61.3 06 82629 69.2 21

ConvNexT-Small ~ 128.29M 81.76 59.9.1 63501 81505 71504
UperNet ConvNexT-Base 146.27M 121.99 59..3 63.8 0.2 811 0.7 722 0.2
swin small 81.15M 134.20 59.90.7 64.2 0.7 80.6 05 73.1 0.1

Table 5.Results for the object detection task for a variety of models evaluated over the test set. We report the intersection over union (loU)
over threshold®:1; 0:3; 0:5 and the mean average precision (mAP) for bothd5 and loW2 [0:5; 0:95] thresholds.

Architecture Backbone Params GFLOPs ol loUg: 3 loUg: 5 MAPso MAPs0:95
RetinaNet 18.87M 0.93 24.580.11 43.07 0.8 59.79 0.36 0.18 0.28 0.63 1.12
FasterRCNN  ResNet50  41.09M 24.7 36.79..07 46.95 0.66  61.29 0.35 5.20 1.00 19.12 3.41
FCOS 31.85M 25.81 34.790.99 48.51 0.59 62.66 0.43 9.67 1.47 30.46 3.11
SSD Lite MobileNet 3.71M 0.64 33.910.18 50.30 0.08 65.07 0.03 9.76 0.39 25.14 0.66
DETR ResNet-50 41.47TM 6.86 41.78 0.11 51.15 0.14 63.17 0.11 15.22 0.28 38.45 0.32

values indicate better accuracy for individual predictionsthe ground truth, is crucial. However, a high recall value
MAP provides a broader measure of detection performancensures the model captures most actual well instances, re-

by capturing precision across different loU criteria. ducing the risk of missing important information. Thus, the
Uper-Net model with the highest recall value®g1 0:1,
5. Results which excels at capturing global context information, ap-

pears a good candidate for this task, given a decent precision
Our tasks involve identifying a roughly circular well region score. Taking into account both precision and recall, U-Net
with a 90m diameter in real life, which translates to lesswith Ef cientNetB6 backbone performs well, suggesting
than 30 pixels in satellite imagery due to resizing and othethe utility of a larger backbone with a bigger receptive eld.
augmentations. This poses a challenge for machine learningowever, ConvNeXt Small provides a trade-off between
models given the heterogeneous nature of the backgrounchomputational ef ciency and performance, requiring fewer
including various similarly shaped and sized features of théGFLOPs and parameters compared to UperNet with Swin
natural and built environment. Additionally, vegetation can Small while achieving similar performance.
occlude wells in RGB channels, highlighting the importance
of near-infrared imagery for guidance. The wells themselves.2. Binary Object Detection

also vary somewhat in shape and can be in various states of ) ) o )
disrepair as a result of differing ages and maintenance. Our evaluation, as shown in Table 5, indicates that while all

models perform reasonably well in terms of aligning pre-
dicted and actual well locations, performance in the object
detection task is overall lower than for segmentation — indi-
For the binary segmentation task framing, we train Mod-cating that potentially segmentation is simply a better fram-
els (from scratch) using both CNN-based and Transformeiing for this task in real-world settings. The observed gap in
based backbones, considering the prevalent imbalance in theerformance is likely attributed to the inherent challenge of
image data due to the small size of wells. Although we diddetecting the small-sized wells within the satellite imagery.
use 3-dimensional, ImageNet initialized weights of the backt is well-known that single-stage CNN architectures (such
bone but modi ed the initial layers afterwards to supportas FCOS and SSD) often demonstrate better performance
4-dimensional multispectral images. Among our models, a®n small object detection than two-stage methods (such
shown in Table 4, the traditional U-Net with Ef cientNetB6 as Faster R-CNN), and this aligns with our observations.
backbone performs the best, with CNN-based models showhe exception here is the single-stage method RetinaNet,
ing the highest IOU 060:4 0:3and F1-Score 864:8 0:4.  which, although it has comparable loU scores, struggles
While a ResNet50-based backbone achieves the highest Pte-detect wells accurately. SSD Lite stands out with the
cision of90:2 2:2, indicating more accurate predictions of highest lol.5 score 0f65:07 0:03 and loW:.3 score of

well instances compared to other models. Precision, whic®0:3  0:08. Whereas all models are quite similar in terms
re ects the accuracy of our positive detections compared tof loU.1, the highest score by FasterRCNNB&79  1:07.

5.1. Binary Segmentation
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Table 6.Results for object detection task for the FCOS Model with ResNet50 backbone, trained with and without NIR Imagery.

Modality loUp: 1 loUg:3 loUg:5 mAPsg MAPs0.95
RGB+NIR  34.79 0.99 48.51 0.59 62.66 0.43 9.67 1.47 30.46 3.11
RGB 32.39 2.88 46.80 2.07 61.23 1.58 5.7 3.65 20.00 10.40

Table 7.Results for the binary segmentation task for U-Net with Table 8.Performance comparison of U-Net with ResNet50 back-

ResNet50 backbone, trained with and without NIR imagery. bone for binary segmentation trained on active wells only versus
: _ all well types. Our results demonstrate that training merely on
Modality loU F1 Score Precision Recall . . K
RGBINIR 5800 050 610 080 9020 220 6230 1.60 actlve_wells is not su_f cient to detec_t abandoned a_nd su;pended
RGB 56.60 0.44 60.50 0.35 87.00 1.40 62.54 0.13 wells in practice — highlighting the importance of including all

three types in the dataset.

) ) ) ) ) Metric Train Set (Well Type Label Present)  Test Set
Thus, SSD Lite and FCOS excel in localization, especially loU Active (T) 0.502

at higher loU thresholds, while Faster R-CNN is adept at All (111 0.576

. ) X o F1 Score Active (1) 0.503
detecting objects with minimal overlap. All models demon- All (1+11+111) 0.614
strate low performance in terms of mAfwhich assesses Precision Al’l*aﬂ‘;ﬁﬂf) 2
precision-recall trade-off and detection accuracy at an loU Recal Active (T) 0.502
threshold of 0.5. FCOS achieves theddd7  1:47 while alll Galkall) 0.614

SSD Lite achieves a score 876  0:39. This may be due

to these models not producing region proposals con dently

enough, especially in instances with a large number of wellgyetter performance in both tasks.
Whereas over a broader evaluation with ma4\§ which av-

erages precision across loU thresholds from 0.5 to 0.95. AIB€ne ts of Using Multiple Well Types. While much past

models apart from RetinaNet provide much better resultdV0'k has focused on active wells, we show that training on
with FCOS achieving the highest score38f46 3:11, indi- such data is insuf cient to detect abandoned and suspended

wells (which are often signi cantly harder to e.g. degra-

stances. Most notably, the transformer-based model DETR2tON and vegetation growth over time). The results in
demonstrates the strongest overall performance, achievingiP!€ 8 show thatincluding all well types signi cantly out-
strong loU scores across thresholds and the highestsaAp Performs training on only active wells, improving loU, F1
(1522 0:28) and mARO : 95(38:45 0:32) scores. These score, and rgcgll. Recall in partlculgr is key for monitor-
results highlight DETR's ability to effectively capture global In9: Where missing abandoned wells is more important than
contextual cues essential for accurate well detection. ~ €foneously agging a location as a well.

cating a decent performance in the identi cation of well in-

5.3. Value Added from Dataset Breadth 6. Limitations

In these experiments, we consider the value provided bWe do not envision any signi cant negative uses of our work.
our inclusion of (i) near-infrared (NIR) imagery in addition Localization of wells is primarily of interest to the climate
to RGB channels, and (ii) the inclusion of abandoned and¢hange mitigation community and is not, for example, a
suspended wells in addition to active wells. primary means whereby fossil fuel companies select new

Bene ts of NIR imagery: We nd that including the NIR Iocat|0n§ for drllllrjg. Therefore, we do not believe this
dataset is susceptible to dual use risks.

band signi cantly enhances both object detection and seg-
mentation performance compared to purely RGB data. IrDne potential limitation of our work is that we rely on
segmentation (Table 7), RGB+NIR outperforms RGB inwell locations listed by the Alberta Energy Regulator. It is
loU, F1 Score, and Precision while slightly lowering Re-likely that some true well locations are missing in this data,
call. A similar trend is observed in the object detectionleading to the potential for false negatives in the ground-
(Table 6) with RGB+NIR achieves higher Intersection overtruth data for this problem. However, it is to be expected that
Union (loU) scores across all thresholds (0.1, 0.3, and 0.5his will not signi cantly affect the training of algorithms
and a considerable increase in mMAP@50 and mAP@50:95ince these labels represent a small fraction of the negative
. These improvements can be attributed to the enhancddcations in the dataset, and deep learning algorithms are
spectral information provided by the NIR band, which is known to be robust to moderate amounts of label noise (see
particularly effective in detecting features such as grounde.g. Rolnick et al. (2017)). Instead the effect may simply
depressions that may indicate well sites. These features ale that the reported test accuracy is actually lower than the
often more distinguishable in the NIR spectrum, leading tatrue value (due to certain correctly predicted well locations
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