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Abstract

Oil and gas production sites have been identified as a major source of anthropogenic
methane emissions. Emissions studies utilize counts of equipment to estimate
emissions from production facilities. However these counts are poorly documented,
including both information about well pad locations and major equipment on each
well pad. While these data can be found by manually reviewing satellite imagery,
it is prohibitively difficult and time consuming. This work, part of a larger study
of methane emission studies in Colorado, US, adapted a machine learning (ML)
algorithm to detect well pads and associated equipment. Our initial model showed
an average well pad detection accuracy of 95% on the Denver-Julesburg (DJ) basin
in northeastern Colorado. Our example demonstrates the potential for this type of
automated detection from satellite imagery, leading to more accurate and complete
models of production emissions.

1 Introduction

Methane, the main component of natural gas, is a powerful greenhouse gas with a global warming
potential over 80 times that of CO2 on a 20-year basis[14]. Reducing methane emissions has been
identified as a key requirement to limit global warming[15,16,17,18,19]. Active natural gas production
sites account for 67% of the total methane emission from oil and gas industry[20]. A study was
conducted by nine cooperating U.S natural gas companies to study the methane emissions from
well pads and production sites. The study showed that methane leaks from equipment and during
transportation are much higher than previously thought[21].

The work described here is part of a top-down, bottom-up, coordinated campaign to be conducted in
the Denver-Julesburg (DJ) basin in northeastern Colorado in 2021. Methods planned for this study
mirror those utilized in the Fayetteville coordinated study [22,23,24,25,26] and the Barnett coordinated
campaign[27]. Methods utilized for these studies involve the development of ‘bottom-up’ (BU)
inventories of emissions. Inventories utilize prior emissions distributions, resolved to the component
level to represent emissions from individual leaks. These emissions data are multiplied, using Monte
Carlo methods, with activity data consisting of counts of major equipment, components per major
equipment unit, and other operational data. These calculations result in an empirical distribution
of emissions expected from all oil and gas facilities in a basin. When additional information is

Tackling Climate Change with Machine Learning workshop at NeurIPS 2020.



available to resolve the timing of emissions, BU estimates may be extended by modeling the timing
of emissions events, and, potentially, the downwind dispersion of pollutants.

Since BU studies rely on counts of equipment and components, the accuracy of the counts has a
substantial impact on the modelled emissions. The location of wells is generally well known, as the
location of the bore hole, drilling direction, and production is reported to state authorities. While
traditional field development integrated wells directly onto well pads containing initial processing
equipment, such as separators and tanks, in recent development, wellheads are often at a substantial
distance from the well pad containing that equipment. Further, reporting of well pad locations is
typically not required, and few location-specific data sets exist.

To fill this data gap for the upcoming campaign, the study team developed a machine learning model
to identify well pads in the DJ basin from recent satellite imagery with 70 cm resolution.

2 Dataset

We have created a dataset annotating the location of well pads and storage tanks in Colorado using
Google™ satellite imagery. To assist in annotation we’ve created a plugin in QGIS, an open source
GIS software and used the plugin to annotate over 1650 images of well pads in Colorado and 500
images for storage tanks. There were multiple well pads and well tanks in most of the images and we
annotated over 2826 well pads and 1712 well tanks. Three distinct geographic areas are included in
the dataset roughly corresponding to north-west, south-west and central regions of the state. The well
pads in these three areas have different characteristics. In the north-west the well pads are surrounded
by deserted land, in the south-west well pads are mostly surrounded by forest/vegetation and most of
the well pads in central Colorado are near buildings and roads. The diversity of well pad examples
drawn from the different parts of Colorado provides an excellent basis for generalization for our
machine learning models.

Storage tanks are much more self-similar and consequently it was not necessary to collect as many
training examples. Storage tank examples do vary due to factors such as the size and shape of
shadows, time of year, and minor variations typically associated with surrounding context. Overall,
we concluded that no more than 500 images of storage tanks needed to be hand labeled in order to
train our ML model. One other aspect of applying ML to recognizing storage tanks became apparent
as the dataset was being collected. A variety of other objects near and in gas production fields look
similar to well tanks, such as grain and agricultural water storage tanks. Therefore, we also collected
over 50 negative samples of storage tank-like structures to better train the ML model to avoid false
positives, i.e. mistaking these other distractors for storage tanks.

3 Methods

Computer Vision is the field of artificial intelligence that deals with analyzing images and video.
The emergence of deep learning has facilitated improvement in the field of computer vision tasks
like object detection[8,9] and segmentation[7]. Also the availability of large datasets like ImageNet,
MS COCO, PASCAL VOC has helped researchers push the limits of many computer vision tasks.
Since the introduction of CNNs, many different architectures for object detection tasks have been
developed which include YOLO[1,2,3,5], R-CNN[4], SSD[8] and many more. Because of the fast
inference speed and accuracy of yolo we decided to implement our well pad detection model using
YOLOv4[1].

3.1 Model

Our starting point was an already trained YOLO-v4 network. As is common practice, the initial ML
model weights were derived from training on ImageNet[10]. Our training then was an example of
transfer learning[30] where we used our relatively limited training data to adapt the ML model to the
specific task of well pad and storage tank detection.

Also, as is common practice with large images such as the satellite images [31], the ML model is
applied to smaller sliding windows which are moved across the satellite imagery. Rather than using a
fixed window size, an adaptive sliding window changes size if necessary. During testing a sliding
window of size 500 x 500 is used for collecting tiles with a stride of 450. If the size of the well pad is



really large and is close to the boundary of the window, then the window size will be increased by 100
on both sides. This process repeats until the well pad fits the window. This helped us to detect well
pads of different sizes. The adaptive sliding window approach is used only for well pad detection and
not for equipment since they are all of the same size.

A key constraint employed in this work is that storage tanks are most often located within well pads.
Consequently, first well pads are detected and then storage tanks are looked for inside well pads. This
technique avoids searching vast areas for unlikely storage tanks.

3.2 Training

Well Pads of different size and features were used for training the model. Each image is either
upsampled or downsampled to 606 x 606 as an input to yolo.The data augmentation techniques used
are scaling, rotation, blur and cut mix[28]. The model was trained over 10,000 iterations with a step
decay learning rate schedule strategy. We initialized the learning rate with 0.001 and after each 5000
iterations it will be multiplied by a factor of 0.1. The loss function used for training is CloU-loss[32].
We used a momentum of 0.949 and decay of 0.0005.

3.3 Performance

We used a 5-fold cross validation method to evaluate the performance of the well pad detection model.
In 5-fold cross validation the labeled training examples are divided evenly into 5 sets. Then, all
possible splits are created where 4 sets are used to train the ML model and the remaining set is used
to assess performance, i.e. measure recognition performance. We used the same strategy for well
tank detection model but used a 4-fold cross validation instead of 5. The specific loss function used
for training was CloU-loss[32] and training was run until the average loss no longer decreased. The
performance of our detection algorithms was measured using standard measures. Intersection over
Union(IoU) thresholded at 0.3 establishes if a detection covers a true example. The true positive
(TP) rate reports the percentage of labeled examples actually found by the ML algorithm. The false
positive (FP) rate reports the percentage of detections which are erroneous. The false negative rate
reports the actual labeled instances not detected as a fraction of all the labeled instances. Finally, the
F1 score is a common measure defined to integrate TP, FP and FN findings[33].

4 Results

For well pads, the 1650 labeled well pad images were split into 5 sets of 330 images each. There
were multiple well pads in most of these images. Results for the ML well pad detection model trained
and tested using 5-fold cross validation protocol are summarized in Table-1. Since fold-2 gave the
highest F1 score, we choose the weights from fold-2 for our work. We repeated the same strategy for
storage tank detection model, but with a 4-fold cross-validation strategy. So we split the 500 images
into 4 sets of 125 images each. The results are summarized in Table-2. Column 2 in Table-1 and
Table-2 shows the actual number of hand labeled well pads (or storage tanks) in the fold.

H Well Pad True Positive False Positive  False Negative F1 Score H
Fold-1 603 595/603(98.6%) 30/625(4.8%) 8/603(1.3%) 0.9690
Fold2 665 658/665(98.9%)  19/677(2.8%)  7/665(1.0%)  0.9806
Fold-3 610 607/610(99.5%) 43/650(6.6%) 3/610(0.4%) 0.9607
Fold-4 545 544/545(99.8%) 39/583(6.6%) 1/545(0.1%) 0.9644
Fold-5 403 402/403(99.7%) 21/423(4.9%) 1/403(2.4%) 0.9733

Average 2806/2826(99.2%) 152/2958(5.1%) 20/2826(0.7%)  0.9696

Table 1: 5-fold cross validation result for well pads

The entire model is implemented in an open source GIS software, QGIS, which outputs a shape file
containing the latitude and longitude of each well pad, and the location of each storage tank detected.
We ran the model over Denver-Julesburg (DJ) basin and checked the results. Due to the unavailability
of a database of exact well pad counts we decided to check the accuracy at 5 different parts of DJ



” Storage Tank True Positive False Positive  False Positive ~ FI Score ”

Fold-1 201 290/291(99.6%) 07290(0%) 1/291(03%) __ 0.9982
Fold-2 356 354/356(99.4%)  12/366(3.2%)  2/356(0.5%)  0.9805
Fold-3 389 389/389(100%)  4/393(1.1%) 0/389(0%) 0.9948
Fold-4 676 667/676(98.6%)  17/684(2.4%)  9/676(1.3%)  0.9808

Average 1700/1712(99.2%)  43/1733(2.4%)  12/1712(0.7%)  0.9885

Table 2: 4-fold cross validation result for storage tanks

basin. We used rectangular tiles of 5000 x 5000 at 5 different parts and averaged the results. We got
an average detection accuracy of 95% with the lowest at 93% and highest at 96%.

Figure 1: Well Pad detection across DJ Basin. Left panel indicates the study area (black box) overlaid
with well pad detections in the study box. For reference, the Denver metropolitan area is immediately
south of the box. Right panel shows a portion of the study area indicating well pads detected by the
algorithm.

Figure 2: Individual well pad detections. Red boxes are on-pad storage tank detections

5 Conclusion

We adapted a deep learning approach to detect well pads and their major equipment to support a
study of methane and other air emissions in the DJ basin Colorado. Performance applied to the study
area within the DJ Basin showed promising results. Future work will develop a database of well
pad locations and well pad features in the DJ basin, and possibly throughout Colorado. We will
also upload our dataset for further research in this field. The modeling technique utilized here could
also be used for other applications, such as the detection of agricultural facilities (grain storage and
feedlots are of interest), or other emissions sources (e.g. compressor stations, gas stations, or pipeline
infrastructure).
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