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Figure 2.1 Mean upward radiance at night with a 270 m resolution. This is one of the geospatial
inputs used in machine learning. Units are nW/cm2/sr.
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Figure 2.2 Proportion of forest landcover with a 200 m resolution. This is one of the geospatial
inputs used in machine learning.
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2.2 Computational Pipeline

A computational pipeline was created to increase efficiency and organization. Code for the

pipeline, which was implemented in Python, is included in Appendix C. Figure 2.3 shows a

flowchart of the pipeline. First, the training data for all acoustic metrics and geospatial features

is loaded. The user must specify which acoustic metrics they would like to make predictions for.

Additionally, the user must specify a scaler, or transform, to use on the acoustic and geospatial

data, such as the identity scaler or standard scaler, which normalizes all features to have zero mean

and a standard deviation of 1. The user may also choose a specific set of features with which to

train and make predictions if they do not want to use the complete geospatial data set. After the

data has been preprocessed to meet the specifications of the user, all members of the ensemble

model are trained. Then, predictions are made and saved for all members of the ensemble. If any

model runs into undefined geospatial inputs while making predictions, it will leave the prediction

undefined.

The process of making model predictions has been parallelized to speed up run time. However,

the ensemble training and predicting process for a single acoustic metric and all of CONUS still

takes roughly five and a half hours using 50 cores and approximately 250 GB RAM.

In addition to the acoustic metric(s), scaling method, and geospatial features, the user may also

specify the number of cores to be used when making predictions, the specific models to be trained,

and the regions of CONUS (northwest, northeast, southwest, and southeast) over which to make

predictions. The pipeline is also capable of conducting various feature importance and validation

measures. This is not meant to be an exhaustive description of all pipeline functionalities. For

more detail, refer to Appendix C.
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Figure 2.3 Flowchart showing the general process used by the computational pipeline to make
predictions.

2.3 Model Selection and Parameter Tuning

The computational pipeline made it easy to measure various validation metrics for a wide variety

of machine learning models. To select models for the ensemble and also identify appropriate

parameter values for these models, I explored six machine learning algorithms, GBR, NNs, KNN,

SVMs, KR, and GPR (see Sec. 1.2.2). I used the scikit-learn library in Python to implement these

algorithms [38]. A variety of parameter combinations were tested for each model. To compare

initial model performance, the leave-one-out cross validation was used to calculate the RMSE and

MAD for each model. Parameters were tuned for each model to minimize the leave-one-out MAD.

2.4 Feature Reduction

I made a first attempt at feature reduction to combat the curse of dimensionality when using a

limited training data set. I used four different metrics of feature importance to systematically
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reduce the number of dimensions of the data set.

The first metric used is the Gini importance or mean decrease impurity [27]. This is a common

way to measure feature importance in a random forest or GBR. The basics of the calculation of the

Gini importance metric for classification are given here, but the reader is encouraged to reference

Breiman’s article [27] or Marsland’s text [24] for further information. If we let Ni be the fraction

of data points belonging to class i, then a pure leaf or node of class j should have N j = 1 and

Ni,i 6= j = 0. The Gini impurity for some feature k and c classes is defined by,

Gk =
c

∑
i=1

∑
j 6=i

N(i)N( j).

Since ∑ j 6=i N( j) = 1−N(i),

Gk = 1−
c

∑
i=1

N(i)2.

In other words, the Gini impurity is the expected error rate if classification was selected according

to the distribution of classes. Hence, features with low Gini impurity have the highest Gini

importance.

The second metric used for feature importance used the Gini importance metric with a

correlation penalty. Note that if two features are identical, they will have the same Gini importance

measures, but the model does not need both features. A correlation penalty was applied to the

Gini importance to help avoid high levels of correlation among the top ranked features. The Gini

importance was first calculated for all features. Then, for any given feature, I found the feature

from the remainder of the data that was most highly correlated with that feature. From those two

features, I selected the one with the lowest Gini importance and subtracted the correlation times

its Gini importance. If two features were perfectly correlated, one would have an importance of 0

and the other would have the same importance given by the original Gini metric.

The third metric used for feature importance is only applicable to NNs. There is no standard

way to measure feature importance in a NN, but many methods have been suggested [39]. I chose
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to use the weights to measure feature importance. First, I identified all paths from an input feature

to the output, and calculated the product of all weights along each path. Then, for each feature,

I summed the absolute value of all paths originating at that feature. Finally, these sums were

normalized and the results were used as a feature importance measure. For the case of zero hidden

layers, the feature importance was determined by the magnitude of the weights from the input

features to the output.

My last metric required someone to look at each geospatial input feature and remove them one

at a time, based on their human intuition for what information the model would require. Features

that were removed early generally had lower spatial resolutions or contained minimal information.

Additionally, features that were highly correlated with other features were removed early because

they provided no new information.

All feature importance lists presented in the results section were created by iteratively

measuring the feature importance values and removing the feature with the lowest importance.

Features were ranked according to the order in which they were removed. Note that these results

are not identical to measuring the feature importance values once with all features as model inputs.

The act of removing features will often shift the order of importance of other features.



Chapter 3

Results

3.1 Ensemble of Models

3.1.1 Model Selection

After tuning all hyperparameters and parameters for a variety of machine learning models to

minimize the leave-one-out MAD, the leave-one-out MAD and RMSE were examined. Figure 3.1

shows a histogram of the residuals created from leave-one-out cross validation for the KNN model.

Looking at these residuals (of the measured value and leave-one-out predicted value), we see that

the distribution is generally not Gaussian. The outliers explain why the MAD is normally half

the value of the RMSE (see Table 3.1). Similar behavior is seen in the literature by Mennitt et.

al [32, 33].

As seen in Table 3.1, all leave-one-out MAD and RMSE values are within 1 dBA of each

other and 1 dBA is typically the smallest change in SPL that is perceptible to a human. So, it

is reasonable to conclude that all six models performed similarly, and should all be included in

the ensemble model. To reduce sensitivity to any one model predicting extremely small or large

results, the median value of the ensemble was used rather than the mean. Using the median,

32



3.1 Ensemble of Models 33

Figure 3.1 Histogram of the residuals from performing leave-one-out cross validation using a
KNN model.

rather than the mean, helps stabilize ensemble predictions when predictions are made for novel

and unique instances. Note that it would not have been unreasonable to use the mean ensemble

prediction rather than the median. When the standard deviation of ensemble model predictions is

low, I expect the median and mean to have similar values.

Model
Class

Leave-One-Out
MAD (dBA)

Leave-One-Out
RMSE (dBA)

Fit MAD (dBA) Fit RMSE (dBA)

GBR 3.5 6.0 0.08 1.2
NN 3.7 6.3 3.4 5.7
KR 3.6 6.3 0.3 1.4
KNN 3.7 6.6 0.0 1.2
GPR 3.6 6.2 2.1 4.0
SVM 3.4 6.2 1.3 4.2

Table 3.1 Fit and leave-one-out cross validation errors for six different machine learning models.

Table 3.1 shows that all models have similar leave-one-out cross validation errors, even though
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some of their fit errors are fairly different. Fit errors help tell us which models are overfitting, such

as the GBR model, and which are not, such as the NN. A very shallow NN (with no hidden layers)

was chosen to avoid overfitting, so it is not surprising that the full model performs poorly on the

training data.

3.1.2 Ensemble Advantages

One advantage of using an ensemble model is that it provides some measure of uncertainty in

model predictions in locations that are statistically different to the training set. Figures 3.2, 3.3,

and 3.4 show maps of CONUS predictions for the summer daytime L50 sound levels using the

GBR model, NN model, and ensemble model respectively. The small circles on the maps denote

the locations of all training sites. Figure 3.5 shows the standard deviation of ensemble model

predictions.

GBR model predictions look reasonable, but I have no method of assigning confidence intervals

to model predictions. The NN model predictions look unphysical in several places, suggesting

large model uncertainties in such areas. NN model predictions suggest that much of Iowa, Illinois,

and the surrounding states are quite loud. Additionally, there are some circular areas, such as in

eastern Montana and western Texas, that show low SPLs surrounding large SPLs. It is possible,

though unlikely, that these model predictions are correct, but there is no way to know without

traveling there and measuring the SPLs. GBR, NNs, and several other machine learning models

do not have confidence intervals or error bars on their predictions. However, the ensemble model

predictions when combined with the standard deviation of model predictions gives us a means of

quantifying the uncertainty of each prediction. The confidence intervals provided by the standard

deviation of ensemble predictions are similar to those generated by a GPR model, which also uses

an ensemble of models, or functions.

The additional information provided by the standard deviation of ensemble models can help


