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(57) Abstract: Methods and apparatus for automatically detecting faults in a building heating ventilation and air conditioning (HVAC)
system are described. A fault detection and diagnostic (FDD) framework implements data-driven FDD algorithms to detect faults in
system components. The FDD algorithms are configured to use Gaussian process models that consider uncertainties in the operation
of the system to reduce false alarms.
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TECHNIQUES OF AUTOMATED FAULT DETECTION AND RELATED SYSTEMS
AND METHODS

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] The present application claims the benefit under 35 U.S.C. § 119(e) of U.S.
Provisional Patent Application No. 62/435,002, filed December 15, 2016, titled “An Open
Platform for Automated HVAC Fault Detection and Smart Building Applications,” and U.S.
Provisional Patent Application No. 62/452,630, filed January 31, 2017, titled “Automated
HVAC Fault Detection Methods and Apparatus,” each of which is hereby incorporated by

reference in its entirety.

BACKGROUND

[0001] Commercial buildings consume approximately 19% of all energy consumed in the
United States. Heating ventilation and air condition (HVAC) systems often account for
approximately 40% of energy consumption in commercial buildings. Faults and deficiencies in
control systems are among the most important barriers to energy-efficient buildings. It is
reported that around 30% of the energy consumption in buildings is wasted due to system
degradation and faults. Potential energy savings on the order of 10 billion U.S. dollars per year
may be possible through fault detection and diagnostics (FDD) in large-scale U.S. commercial

buildings.

[0002] Forecasting building energy use can be applied to FDD, operation optimization and
interactions between buildings and smart grid applications, and has been used 1n building
commissioning to determine retrofit savings. The ability to accurately forecast demand-side
loads plays an important role in electric power systems, especially because the future power grid
is expected to provide unprecedented flexibility in how energy is generated, distributed and
managed. Energy use forecasting is also helpful in fault detection since a baseline prediction is

necessary to detect excessive energy consumption.

SUMMARY

[0003] According to some aspects, a computer-implemented method of predicting resource

usage within a building is provided, the method comprising receiving data values representing
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usage measurements of one or more resources, the data values being produced by one or more
sensors located within and/or near the building, identifying a plurality of features, each feature
of the plurality of features being a measureable property of one of the one or more resources and
thereby associated with the usage measurements of the one of the one or more resources,
training, using at least one processor, a first Gaussian process regression model on a first subset
of the data values by optimizing first hyperparameters of the first Gaussian process regression
model, wherein each of the first hyperparameters is associated with one of the plurality of
features, calculating, using the at least one processor, based on the first Gaussian process
regression model, an indicator value for each feature of the plurality of features, the indicator
value indicating an extent to which variation in values of the feature correlates to variation in the
usage measurements produced by the one or more sensors and associated with the feature,
training, using the at least one processor, a second Gaussian process regression model on a
second subset of the data values by optimizing second hyperparameters of the second Gaussian
process regression model, wherein each of the second hyperparameters is associated with one of
a subset of the plurality of features, wherein features of the subset are selected from amongst the
plurality of features based, at least in part, on said indicator values calculated for the features of
the subset, and predicting, using the at least one processor, usage of a first resource of the one or

more resources based on the trained second Gaussian process regression model.

[0004] According to some aspects, at least one computer-readable medium is provided
comprising instructions that, when executed by at least one processor, perform a method of
predicting resource usage within a building, the method comprising receiving data values
representing usage measurements of one or more resources, the data values being produced by
one or more sensors located within and/or near the building, identifying a plurality of features,
each feature of the plurality of features being a measureable property of one of the one or more
resources and thereby associated with the usage measurements of the one of the one or more
resources, training, using the at least one processor, a first Gaussian process regression model on
a first subset of the data values by optimizing first hyperparameters of the first Gaussian process
regression model, wherein each of the first hyperparameters is associated with one of the
plurality of features, calculating, using the at least one processor, based on the first Gaussian
process regression model, an indicator value for each feature of the plurality of features, the
indicator value indicating an extent to which variation in values of the feature correlates to
variation in the usage measurements produced by the one or more sensors and associated with

the feature, training, using the at least one processor, a second Gaussian process regression
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model on a second subset of the data values by optimizing second hyperparameters of the
second Gaussian process regression model, wherein each of the second hyperparameters is
associated with one of a subset of the plurality of features, wherein features of the subset are
selected from amongst the plurality of features based, at least in part, on said indicator values
calculated for the features of the subset, and predicting, using the at least one processor, usage of
a first resource of the one or more resources based on the trained second Gaussian process

regression model.

[0005] According to some aspects, a system is provided comprising at least one processor, at
least one computer-readable medium comprising instructions that, when executed by the at least
one processor, perform a method of predicting resource usage within a building, the method
comprising receiving data values representing usage measurements of one or more resources, the
data values being produced by one or more sensors located within and/or near the building,
identifying a plurality of features, each feature of the plurality of features being a measureable
property of one of the one or more resources and thereby associated with the usage
measurements of the one of the one or more resources, training, using the at least one processor,
a first Gaussian process regression model on a first subset of the data values by optimizing first
hyperparameters of the first Gaussian process regression model, wherein each of the first
hyperparameters is associated with one of the plurality of features, calculating, using the at least
one processor, based on the first Gaussian process regression model, an indicator value for each
feature of the plurality of features, the indicator value indicating an extent to which variation in
values of the feature correlates to variation in the usage measurements produced by the one or
more sensors and associated with the feature, training, using the at least one processor, a second
Gaussian process regression model on a second subset of the data values by optimizing second
hyperparameters of the second Gaussian process regression model, wherein each of the second
hyperparameters is associated with one of a subset of the plurality of features, wherein features
of the subset are selected from amongst the plurality of features based, at least in part, on said
indicator values calculated for the features of the subset, and predicting, using the at least one
processor, usage of a first resource of the one or more resources based on the trained second

Gaussian process regression model.

[0006] According to some embodiments, predicting the usage of the first resource comprises
predicting a usage amount of the first resource and an estimate of uncertainty associated with the

predicted usage amount of the first resource.
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[0007] According to some embodiments, the method further comprises detecting an anomaly
by comparing additional usage measurements of the first resource with the predicted usage of

the first resource.

[0008] According to some embodiments, detecting the anomaly is further based on an

estimate of uncertainty associated with the predicted usage of the first resource.

[0009] According to some embodiments, detecting the anomaly is based on identifying that
the additional usage measurements of the first resource exceed a threshold confidence interval

defined by the estimate of uncertainty associated with the predicted usage of the first resource.

[0010] According to some embodiments, the one or more resources includes one or more of

electricity, water, steam, oil and/or gas.

[0011] According to some embodiments, the plurality of features include a first feature that
is a measureable property of the first resource, and the first feature indicates usage of the first

resource by one of day of the year, week of the year, or day of the week.

[0012] According to some embodiments, the first hyperparameters are characteristic length
scales in covariance functions of the first Gaussian process regression model each associated

with the one of the plurality of features.

[0013] According to some embodiments, the method further comprises predicting, using the
at least one processor, usage of a second resource of the one or more resources based on the

trained second Gaussian process regression model.

[0014] According to some embodiments, the method further comprises displaying the

predicted usage amount of the first resource to a user via at least one display.

[0015] According to some embodiments, the method further comprises calculating, using the
at least one processor, an impact factor of the first resource based at least in part on the predicted
usage amount of the first resource and the estimate of uncertainty associated with the predicted

usage amount of the first resource.

[0016] According to some embodiments, calculating the impact factor of utilization of the
first resource is further based on an amount of noise added to the estimate of uncertainty

associated with the predicted usage amount of the first resource.

[0017] According to some aspects of the technology described herein, an open platform for

automated HVAC fault detection and smart building applications is described. The platform
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may be connected to existing building automation systems using BACnet as well as new smart

sensors/devices to monitor and visualize the building and system performance.

[0018] According to some aspects, the platform provides fault detection and diagnostics
(FDD) functionality for building managers and facilities to find faults in the HVAC system and

provide insights on the potential cost savings.

[0019] According to some aspects, the FDD functionality is implemented by one or more

data-driven algorithms that take uncertainty in operations into account.

[0020] According to some aspects, the FDD functionality provides for detecting faults on the

component level of an HVAC system and other mechanical system operations.

[0021] According to some aspects, the FDD functionality enables an estimation of energy
savings potential using what-if scenarios for building commissioning and retrofitting
applications. In some implementations, the what-if scenarios may be executed using actual

building data rather than simulation data.

[0022] According to some aspects, the platform integrates interactive and distributed control

strategies for optimizing the building performance.

[0023] According to some aspects, the platform is an open platform configured to use web

service and Internet-of-things (IoT) technologies.

[0024] According to some aspects, the platform is implemented using a decentralized

architecture to address challenges in smart buildings management.

[0025] According to some aspects, the platform integrates one or more advanced FDD

algorithms.

[0026] It should be appreciated that all combinations of the foregoing concepts and
additional concepts discussed in greater detail below (provided such concepts are not mutually

inconsistent) are contemplated as being part of the inventive subject matter disclosed herein.

BRIEF DESCRIPTION OF THE DRAWINGS

[0027] Various non-limiting embodiments of the technology will be described with
reference to the following figures. It should be appreciated that the figures are not necessarily

drawn to scale.

[0028] FIG. 1 illustrates a flowchart of some FDD methods for use with building energy
5
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systems;
[0029] FIG. 2 illustrates a schematic of a building commissioning process;

[0030] FIG. 3 illustrates a flowchart of a Bayesian FDD process that may be used in

accordance with some embodiments;

[0031] FIG. 4 illustrates a flowchart of a Gaussian process method that may be used in

accordance with some embodiments;

[0032] FIG. 5 illustrates a portion of a user interface for enabling a user to select features for

use with an FDD algorithm in accordance with some embodiments;

[0033] FIG. 6 illustrates a portion of a user interface for enabling a user to train a model

used with an FDD algorithm in accordance with some embodiments;

[0034] FIG. 7 illustrates a portion of a user interface for enabling a user to make predictions

using a trained model in accordance with some embodiments;

[0035] FIG. 8 illustrates a portion of a user interface for displaying a timing of building

faults detected using an FDD algorithm in accordance with some embodiments;

[0036] FIG. 9 illustrates a flow chart of an illustrative FDD algorithm that may be used to

detect faults in a component of an HVAC system in accordance with some embodiments;

[0037] FIG. 10 illustrates a plot of AHU return air temperatures versus outdoor air

temperature as used in a parametric uncertainty analysis in accordance with some embodiments;

[0038] FIG. 11 illustrates a bar graph of sub-metered energy consumption of condensing
units and AHUs as used in a parametric uncertainty analysis in accordance with some

embodiments;

[0039] FIG. 12 illustrates a portion of a user interface for enabling a user to run what-if

scenarios using sensor data received by the system.

[0040] FIG. 13 illustrates a schematic of a system architecture within which some

embodiments may be used;

[0041] FIG. 14 illustrates a schematic of a system architecture within which some

embodiments may be used;

[0042] FIG. 15 illustrates a block diagram of communications in a system architecture

within which some embodiments may be used; and
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[0043] FIG. 16 illustrates a portion of a user interface for visualizing a whole building

energy consumption prediction determined in accordance with some embodiments.

DETAILED DESCRIPTION

[0044] Conventional techniques for detecting faults in a building energy system are labor-
intensive and time-consuming. In order to increase the cost-effectiveness, automated fault
detection and diagnostics (FDD) is a highly desirable but emerging technology with limited
availability in the market. The inventors have recognized and appreciated that conventional
techniques for detecting faults in a building energy system may be improved through the use of
anovel FDD framework that includes an open platform integrating sensing data from multiple
heterogeneous sources. To this end, some embodiments are directed to data-driven FDD
processes that take into consideration uncertainties in the modeling process and provide

visualization methods that are targeted specifically for FDD.

Table 1: Building energy system fault summary

Category Device Fault
Sensor Temperature Frozen/bias
Pressure
Flowrate
Actuator Damper Stuck/leak
Coil Valve
Equipment Fan Belt slippery/Failure
Pump Refrigerant Leaking/Overcharge
Chiller Condenser Fouling
Control Logic Unstable, non-optimal
Design Equipment/duct size

[0045] As shown in Table 1, typical building system faults include sensor faults, control
devices (actuator) faults, and control logic faults. The most common faults typically include
outside air temperature sensor bias, outside air damper stuck, outside air damper leakage,
cooling coil valve stuck, cooling coil valve control fault, heating coil valve leakage, heating coil
fouling, AHU duct leakage, mixed air damper unstable, supply fan control unstable, and air filter

area blockage.

[0046] The inventors have recognized and appreciated that through rapid automated fault

detection and diagnosis (AFDD), the waste in many whole building energy systems (e.g.,

7
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HVAC) can be largely avoided. Most existing techniques for FDD can be roughly divided into

three categories: model based, rule-based, and data-driven, as shown in Fig. 1.

[0047] Model-based techniques are typically generated by physical principle laws governing
system behavior such as mass and energy balance in terms of static and dynamic models.
Model-based fault detection is typically performed by generating residuals values using the data
collected from measurements and control signals. During faulty operation, one or more of the
residuals is expected to have a value significantly different from normal behavior. Although
model-based techniques generally can explain the dynamic behavior of a system well and
perform well as an accurate estimator, model-based techniques typically do not work well for
real-time computation due to the calculation burden and engineering efforts for detecting and

diagnosing sudden faults.

[0048] Rule-based techniques are founded in a priori knowledge of the dynamics of the
system and are typically derived from expert knowledge in a troubleshooting method similar to
how a technician would analyze the data, using a series of if-then type statements. Rule-based
methods are calculation efficient and easy to implement. However, the effects of the rules are
hard to guarantee, since the rules are often highly-related with the system characteristics and
operation modes. Additionally determining the rules is often difficult and typically requires

extensive experiments.

[0049] Data-driven techniques develop building operation prediction models based on
historical data using statistics. The forecasted operation situation is then compared with the real
operation measurements and if the differences between these two operation cases exceed certain
thresholds, a fault may be detected and diagnosed. However, training the models properly
typically requires a fault-free system and specific faulty operation data. Here fault-free means
no single fault exists in any of the whole building energy systems, and specific faulty operation
data means identified fault(s) exist in the whole building energy systems, which are conditions
that tend to be very difficult to guarantee and obtain in practice. Therefore, FDD results based
on the “fault-free” case are hard to guarantee. A potential difficulty with data-driven techniques
is the requirement to estimate prior probabilities of faults. Additionally, data-driven techniques
typically require fault signatures, described as hypothetical fault behavioral patterns, and it is
unclear if the fault signatures used in the prediction models will be applicable across many

different applications. To address at least some of these issues, some embodiments are directed
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an adaptive probabilistic based Gaussian process and Bayesian network FDD framework for

forecasting building energy demands and detecting faults.

[0050] During building commissioning, the operation of subsystems for the building (e.g.,
HVAC) are verified to ensure that they operate in accordance with particular requirements. In
this process, malfunctioning sensors, valves and dampers can be fixed and the system can
operate normally. However, these faults are likely to occur again and cause excessive energy
consumption. An example of a building commissioning approach is shown in FIG. 2. Building
commissioning typically requires the monitoring of thousands of points in a complex building
energy management system and involves time-consuming labor-intensive methods such as
energy simulation to detect faults in the system. Recommissioning a building typically requires
replication of the same time consuming processes involved in commissioning the building at the

outset.

[0051] To at least partially address these limitations, some embodiments automatically
detect whether faults have occurred again by building a baseline model for whole building
energy consumption and comparing the current performance with the baseline model. The
baseline model is a Gaussian process model that considers uncertainties in the operation of the
systems to more accurately detect real variations in system performance caused by faults. In this
approach, observations from an actual process are compared with the outputs from a baseline
model and a fault is indicated when the difference between the model outputs and observations
is greater than a threshold. Some embodiments detect the increase in energy consumption due to
system faults without sending false alarms when the increase in energy consumption actually
lies within the range of the uncertainty. Accordingly, considering uncertainty in baseline

predictions is important to build a good model.

[0052] Simulation models based on physical principles are typically not good candidates for
baseline prediction. Such models are expensive, as they require a deep understanding of the
system and model parameters are difficult to estimate. Moreover, physics-based models usually
assume that systems are operating under ideal conditions as opposed to reflecting actual system
operations, and therefore do not include uncertainties in their predictions. In some
embodiments, a data-driven model and Gaussian process regression is used for baseline
modeling. Gaussian process regression is preferable to physics-based models because it is able
to predict actual system performance based on historical data in an inexpensive way, and

because it can quantify prediction uncertainty in the form of a Gaussian distribution.
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[0053] FIG. 3 shows a process for determining a baseline model in accordance with some
embodiments. As shown, for an existing building, data 310 collected during normal operations,
for example, for the first few months following commissioning, may be used during training.
Using that period as a training set, a Gaussian process 320 is used to predict baseline energy
consumption assuming normal operations. When it is no longer certain whether faults have
reoccurred, the Gaussian process 320 may be used to predict baseline consumption. Then, the
baseline consumption and observed energy consumption are input into a Bayes classifier 330 to
determine in act 340 whether the observed energy consumption is excessive. If the whole
building energy consumption is abnormal, the process continues to act 350 to determine
component-level FDD using the trained baseline model for comparison to actual data recorded

and processed by the system.
Gaussian process regression

[0054] As discussed above, some embodiments are directed to generating a baseline model
for predicting faults in a building energy system using Gaussian process regression. The goal of
Gaussian process regression is to find the distribution of a nonlinear function f{x) to underlie
data points, each of which is composed of input X and target y. Then the distribution of f{x*)

can be used to predict the value of y'.

[0055] N input vectors {x, }]i , can be denoted by X and the set of corresponding target values

{v }Z , by the vector y. Using the Bayes’ theorem, the posterior probability distribution of f{x)

is:

_ PO (). X)P(/ (%)

P(f(x)y.X)= T (1)

[0056] In a regression problem, y| f (x),X, the distribution of the target values given the

function f{x) is usually assumed to be Gaussian. The prior P ( f (X)) may be placed on the

space of functions, without parameterizing f{x). A Gaussian process is specified by a mean

function (usually a zero function) and a covariance function & (Xi,X i ) . In some embodiments,
the covariance function is a Gaussian kernel:

T

k(Xi,Xj)ZszeXp|:—%(Xi—Xj) W_I(Xi—Xj):| (),
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where
W = diag| w},w;,..w}, | 3).

[0057] Inputs that are judged to be close by the covariance function are likely to have similar
outputs. A prediction is made by considering the covariance between the predictive case and all
the training cases. For a noise-free input X*, the predictive distribution of f{x*) is Gaussian with

mean y(x*) and variance o(x*):

u(x)=k(X,x’) (K+o71) y @)
o (x)=k(x',x) -k (X.x°) (K+01) k(X,x) (5)

where k (X, X ) is the Nx1 vector of covariance functions between training inputs X and

the new input X*. K is the NxN matrix of covariance functions between each pair of training
inputs. Gj denotes the variance of Gaussian noise in training targets y. oy, 0, and w;,wz ... wp

are hyperparameters to be trained in a Gaussian process.

[0058] FIG. 4 summarizes the procedures of using Gaussian processes for predictions in
accordance with some embodiments. A Gaussian process is built upon training data, which can
be, for example, sensor readings or metered data of a real system, or simulated data generated
from complex models. As shown, the Gaussian process model takes new inputs and makes
predictions with uncertainty. Depending of the type building systems to be monitored for fault
detection, different features may be used to train a Gaussian process model that may be used in
accordance with some embodiments. After the features are selected, the model may be trained
to generate a baseline model that may be used for predication and fault detection. Examples of
the feature selection, training, and prediction process in accordance with some embodiments are

described in further detail below.
Feature Selection

[0059] The inventors have recognized and appreciated that some existing feature selection
methods based on entropy, correlations coefficients, or mutual information may not be
applicable to Gaussian process regression. Accordingly, in some embodiments, feature selection
specifically targeted at Gaussian process regression may be used. For example feature selection
in which hyperparameters that the Gaussian process regression learns may be used. In some

embodiments, feature selection may include the following steps:

11
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¢ Normalize all features and the target to [-1, 1].

¢ Divide the dataset into training, validation and test sets. Use training and validation sets
for feature selection. If the dataset is large and computational cost is a concern, select
smaller training and validation sets for the purpose of feature selection.

® Include all the features to train a GP regression and derive the characteristic length-scale
w that corresponds to each feature from the training set.

o (alculate the indicator of each feature as follows.

8 (Xi) =1
std (x; )
where =; is the input vector of a certain feature, i = 1, 2, ... d and d is the number of

features. The indicator g(x;) is defined as the characteristic length-scale of a feature divided by
the standard deviation of all inputs on that feature dimension. The characteristic length-scale
may determine how close two points have to be to influence each other. As g(x;) is normalized
by the variation of the training inputs on that feature dimension, it indicates how significant that
feature is. If g(x;) is small, it means small changes in input value of a certain feature will have a
significant impact on output value. Therefore, a relatively small g(x;) indicates that the
corresponding feature is important in GP regression.

* Select X(l)’X(z)""X(d*) as follows:

X, = arg m}}n [g (x, )]

X, =arg min [g (Xi):|

X{x)
X ) =a1g min [g(xi)]

[0060] In accordance with some embodiments, the feature with the smallest g(x;) may be the
first feature to select. The number of the features ¢ may depend on training and validation
accuracies, as well as computational cost. In general, if the training and/or validation accuracy
is much lower than that when using all features, more features may be included in the model.

Otherwise, fewer features may be used to further reduce computational time.

[0061] Some embodiments are directed to predicting whole building daily electricity, chilled
water and steam consumption. In some implementations, the following features may be used in

the Gaussian process model:

12



WO 2018/112352 PCT/US2017/066687

Electricity:

® Occupancy: A number between 0 and 1.0 indicates no occupants, 1 indicates normal
occupancy. An estimate based on holidays, weekends and school academic calendar
may be used.

* Day of week
¢ Day of year
®  Week of year

e Heating degrees: if 15°C — T¢ >0, then = 15°C — Ty, else = 0. Assume that when
outdoor temperature is above 15°C, no heating is needed.

Chilled water:

¢ (Cooling degrees: if Ty - 12°C > 0, then = T - 12°C, else = 0. Assume that when outdoor
temperature is below 12°C, no cooling is needed, which is true for many buildings. This
is useful for daily prediction, because the average of hourly cooling degrees may be more
preferable than average of hourly temperature.

¢ Dehumidification: if humidity ratio — 0.00886 kg/kg > 0, then = humidity ratio - 0.00886
kg/kg, else = 0. This feature may be particularly useful for daily chilled water prediction.

® Occupancy
* Day of week

e Solar radiation

e Heating degrees

® Occupancy

* Day of week

¢ Day of year

®  Week of year

The features described above are representative of a particular application in which whole
building electricity, chilled water and steam consumption are monitored. However, it should be
appreciated that different, including fewer or additional features may be selected depending on

the particular building energy system monitoring application or user requirements.

[0062] FIG. 5 shows a portion of a user interface that enables a user to select features and
training targets for use with some embodiments. As shown, a user may select features and
targets by clicking on an interactive graph showing the nodes of the system. Once selection of

the features and targets is finished, the model including the selected features may be trained.

[0063] FIG. 6 shows a portion of a user interface that enables a user to train the model using

the selected features and training targets. A user may interact with the user interface to select a

13
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training period. Once the training period is selected, users can click the “Train” button. After
clicking the button, a window may pop up to ask users if validation needs to be performed. If
yes, both training accuracy and validation accuracy may be displayed on the user interface. If
validation is not needed, only training accuracy may be displayed. The accuracy displays may

help users evaluate the model and chose the best model to be used for prediction.

[0064] FIG. 7 shows a portion of a user interface that enables a user to make predictions
using the trained model. Once the model is trained, users can obtain the predication results
using the Gaussian process algorithm with the measured and predicted values and the 95%
confidence intervals. As shown, the accuracy of the prediction may also be displayed in the user

interface.
Abnormality Threshold

[0065] From Equations 4 and 5 above, the predictive mean g and the standard deviation o of
baseline energy consumption can be determined. Assuming that the system performs in the
same way as it does during the time when the training data is collected, there is about 68%
chance that the observed energy consumption falls within one standard deviation from the mean
value. A threshold, ko can be defined. In some embodiments, a fault is detected when the
observed energy consumption exceeds the baseline mean by ka. The variable £ may be
configurable such that user can choose a different value for & based on a preference for fewer
false positive errors (false alarms) or fewer false negative errors. In some embodiments, k=2. If
k <20, more false alarms may be observed, whereas a larger value for k may result in more

faulty conditions being ignored.
Prediction Accuracy

[0066] The accuracy of baseline prediction depends on the quality of the training data, with
the size of data sample being important. In some embodiments, one year of data is acquired and
used as training data, as this amount of data will cover a typical range of weather and occupancy
scenarios. Feature selection also influences the ability of the trained model to accurately predict
faults in the system. In some embodiments, weather, occupancy and time features are included.
Some examples of features that may be used in some embodiments, are described above.
Feature selection also depends on the sample size and system type. For example, if the sample
size does not cover the entire year, then day of year and weak of year might not be good features
and extrapolation may be needed. If electricity consumption includes electricity used for

chillers, then weather features may need to be added to the electricity prediction. If the
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occupancy or function of the building has changed, or the building has been renovated, then the
previous baseline model might no longer be applicable. In this situation, building managers may

need to collect more data to train a new baseline model.
Component FDD

[0067] Some embodiments are directed to algorithms that combine physics-based principles
and data-driven methods to detect faults in components of a building energy consumption
system, such as an HVAC system. The algorithms take into consideration operation
uncertainties of the building systems such as measurement uncertainties of sensor. As one
example, a building FDD framework may monitor outdoor air (OA) control to detect and
diagnose faults in the system. In this example, the FDD algorithm is configured to detect and
diagnose the common OA control faults: OA damper stuck, economizer control fault, OA sensor

fault, OA flow design fault, etc.

[0068] An important step for this OA control FDD algorithm is to compare the real OA ratio
measurements with OA ratio setpoints. When the difference between the measured OA ratio
and OA ratio setpoint exceeds a certain confidence threshold, a control fault is detected. In

some embodiments, a 95% confidence region may be used.

[0069] FIG. 8 shows a plot of an OA ratio comparison between measured data and an OA
ratio setpoint in accordance with some embodiments. As shown, an OA control fault is detected
from 9:00 am to 13:00 pm on August 14th, 7:00 am to 13:00 pm on August 15th, and 7:00 am to
13:00 pm on August 16th.

[0070] In accordance with some embodiments, a fault diagnostics process may be executed
to determine the fault sources. Any suitable fault diagnostics process may be used depending on
the type of system or systems being monitored and embodiments are not limited in this respect.
FIG. 9 shows an example of a fault diagnostics process for an OA damper stuck fault. The main
reason for this fault is that the OA damper became stuck at a non-minimum position when the

OA temperature was out of the economizer range.

[0071] In some embodiments configured to detect and diagnose component level OA control

faults, the following features and data collection frequency may be used:

Feature selection:

¢  OA ratio: A number between 0 and 1.0 indicates no OA, 1 indicates all OA.
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1. For the cases with direct OA and SA flow rate measurement, the OA ratio can be

calculated directly from the OA flow rate and SA flow rate.

2. For the cases without OA and SA flow rate measurements, the OA temperature and

SA temperature are needed to calculate the OA ratio, and the OA ratio can be estimated from:

1, -1,
r= ,
I,-1,

where 7, is the mixed air temperature, 7 is the return air temperature and 7, is the
outdoor air temperature. When the cooling coil is not active, the actual mixed air temperature is

equal to the air handling unit supply air temperature minus the temperature rise due to fan heat

AT, .

T, =T, -AT,,,.

* OA ratio setpoint: estimated from MA temperature setpoint or SA temperature setpoint:

_ Tm,set - T;

r
set
1, -1,

k4

where T}, s 1s the mixed air temperature setpoint.

The uncertainties in operations are considered as follows:

sy [ e W)Y ()=t )| () (- 1))
(r,-1,) (r,-1,)’ (7.-T)"
w(r 1) W (1) (T, =T,) (u* (T,) 41> (1))
(z,-1.) (z,-1,)’

where u(Ts), u(1,), and u(7,) are the measurement uncertainty for supply air temperature,
outdoor air temperature and return air temperature and u(ATY,,) is the estimation uncertainty of

the temperature rise due to fan heat.
¢ Economizer control method:
1. Temperature based control: high and low temperature limits for economize on/off

2. Enthalpy based control: high and low enthalpy limits for economize on/off

* (Cooling coil valve position

16
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* OA damper position

¢ Minimum OA damper position

®  Maximum OA damper position
Data collection frequency:

In some embodiments, a typical data collection frequencies of building automation

system: 5 minutes, 15 minutes, and 1 hour, may be used.
Parametric Analysis

[0072] In accordance with some embodiments, parametric uncertainty is modeled since there
is embedded uncertainty in occupancy estimation. In some cases, it is desired to investigate the
impact of inputs on outputs by intentionally allowing inputs to vary in their domains. The
impact of an HVAC control variable on energy consumption may be examined using GP
regression. In one example, an office building having three air-cooled condensing units which
supply refrigerant to three direct expansion air handing units (AHUs) was investigated. The
terminal units were VAV boxes with reheat and its energy consumption was sub-metered. The
electric energy consumption of three condensing units and the supply fans in three AHUs were
metered individually at 15-min intervals. AHU sensor readings of supply air temperature and
return air temperature were available from June to August 2012 at hourly intervals. The total
building electric energy consumption consisted of both HVAC, lighting and plug load
consumption. The gas consumption for heating and domestic hot water was also metered but
not considered in this example, since only the summer months when AHU sensor readings were

available were used.

[0073] The supply air temperature (SAT) set-point of an AHU is fixed. Different fixed set-
point values were used for different seasons. As AHU SAT does not vary according to outdoor
air temperature or zone thermal load, it is likely to be suboptimal. As shown in FIG. 10, AHU
return air temperatures (RAT), which were close to zone average temperatures, vary according
to outdoor air temperature (OAT). When OAT is low, zone air temperatures were far below the
upper bound of indoor comfort level, which indicates excessive cooling, in particular for AHU1
and AHU2. AHU SAT may be further optimized. In building commissioning/retrofitting
projects, it is worth knowing the cost-effectiveness beforehand. An estimate the impact of
optimizing AHU SAT can assist decision-making. A physics-based simulation, e.g., using

EnergyPlus, may be used to evaluate the importance of control variables and estimate energy
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savings potential of optimization. However, as discussed above, physics-based simulations
typically require detailed information of a building and it systems. Consequently, such
simulations are labor-intensive and time-consuming. Consequently some embodiments are
directed to a fast way to estimate the impact of a control variable on energy consumption. When
historical data of system operations is available, some embodiments develop a data-driven
model to replace the physics-based simulations in existing solutions to give an estimate of

impact.

[0074] Table 2 below shows a distribution of measured AHU SATs and impact factor.

Mean Value (°C/°F) Standard Deviation (°C/°F) | Impact factor
AHU1 14.6/58.4 0.52/0.93 3.0%
AHU2 12.6/54.6 095/1.71 4.4%
AHU3 15.0/59.0 0.32/0.58 4.7%
[0075] Although the set-points are fixed, there is some variance in actual SAT control. Poor

PID control, or insufficient or excessive cooling supply might account for the variance. The
variation in actual SATs allows training a surrogate model based on historical data using GP
regression. The Gaussian process model described above may be used to determine the
distribution of energy consumption based on measured SATs. Then a variance in SAT(s) may
be used to obtain new distributions. The additional variance in energy consumption caused by

SAT variation provides an estimate of the impact of SAT on energy consumption.

[0076] Hourly data of outdoor air temperature, humidity, AHU SATs, RATSs, sub-metered
and total building electric energy consumption was available from June 12th to August 15th
2012. After removing unoccupied hours, there were 370 data points left. The first step was to
use measured outdoor air temperature, humidity and AHU SATs as the features, and total
building electric energy consumption as the target to train a Gaussian process regression model.
In this example, the training R* was 0.96. The same set of data was then used to calculate the

predictive distribution of each training target and determine the corresponding variance V, of

each point. Next a noise of asat = 0.56 °C (1°F) was added in the SAT of an AHU and the

V., that accounts for noisy AHU SAT was determined. The impact factor was defined as the

noisy,
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sum of additional output variation caused by the input noise divided by the sum of predictive

mean:
Z:'lzl( Vynai:y,i _Vyi)
Impact factor = -
Zi:l Vi
[0077] The impact factor gives an estimate of the impact of the input variance on the output.

A large value indicates a larger impact of the input. In this example, the impact factors of SATs
of three AHUs are listed in Table 2. These factors give an estimate of the impact of a small
change in each AHU SAT on total building electric energy consumption. SATs of AHU2 and
AHU3 have larger impact than AHU1 SAT. This is consistent to sub-metered electric energy
consumption of the AHUs and condensing units. As shown in FIG. 11, the electric energy
consumption of AHU2 and AHU3 during the investigated time period was significantly larger
than that of AHU1. Intuitively, the magnitude of impact factor of SAT is related to the energy
consumption of that AHU, although not exactly proportional. Some embodiments that use
Gaussian process regression provide a rapid estimate in order to assist early-decision making
without the necessity of acquiring detailed information of a building and its system. The
accuracy of the estimate depends on data quality, which directly affects the accuracy of

surrogate model using Gaussian process regression.
Using Forecasting for “what-if”’ scenarios

[0078] Some embodiments are directed to performing what-if scenarios to enable a user to
predict the energy cost saving potentials from fixing faults or optimizing system operation. That
what-if scenarios use machine learning algorithms to develop forecasting models based on
building operation data (real field measurements or simulation data) and uses these forecasting
models to predict cost saving potentials. Based on the user’s selection of control upgrading
variables or fault fixing scenarios, the “what-if” predicting algorithm calculates the energy cost

saving potentials.

[0079] The cost saving potential data from simulations may be calculated from the
difference between the original operation settings and the user desired settings. The cost savings
can be whole year savings or savings for a certain time range. In some embodiments, the what-
if predicting model uses two different approaches. A first approach bases energy balance on a
theoretical calculation. A second approach uses machine learning forecasting. For the second

approach, certain operation data may be collected and used to develop the forecasting models.

19



WO 2018/112352 PCT/US2017/066687

[0080] FIG. 12 shows an example of a user interface for a “what-if”” model that may be used
in accordance with some embodiments. As shown, the “what-if”” model may be configured to
predict the cost savings for fixing an OA damper stuck fault, supply air temperature setpoint

optimization, supply air temperature reset, and building window upgrading.
Example system architecture

[0081] FIG. 13 schematically illustrates an example of a system architecture within with
some embodiments may be used. The architecture includes building automation system (BAS)
controllers connected to a BAS server. Each of the BAS server and one or more sensors connect
to a smart building platform (SBP) via a building service interface (BSI). The SBP may also

interface with third party services via one or more networks (e.g., the Internet).

[0082] FIG. 14 schematically illustrates the system architecture of FIG. 13 in which the
sensor inputs and their associated BSI are collectively referred to as the system backend and the
user input interface is referred to as the system frontend. In some embodiments, the system
backend may be implemented as a web service model operating as a middleware system
managing building resources (e.g., sensors, lights, actuators, etc.), collecting data, and
interacting with other systems (e.g., control center and third party building control system).
When the backend is implemented using a web service model, the building resources may be
accessed via a URI using the HTTP protocol. Based on the backend web services, a web

frontend may be used to present the service data to a user

[0083] FIG. 15 shows a block diagram of the system architecture of FIG. 13. The backend
may be implemented as a web service (e.g., in Scala). The web service model is developed for
cross platform compatibility to facilitate integration and development with other building
automation/control systems. In some embodiments, a Representational State Transfer (REST)
web service model is used to implement the backend providing a highly decoupled and scalable
structure. The REST web services enable the frontend to interact with the SBP server and third
parties to integrate the building services into their applications. The SBP REST web services
provide access to resources via URI paths. To use a REST web service, a user computing device
sends an HTTP request to a REST server and parses the response. In some embodiments, the
response format is JavaScript Object Notation (JSON). Standard HTTP methods such as GET,
PUT, POST and DELETE may be used. Because the REST web service is based on open

standards, any web development language may be used to access the backend services.
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[0084] The SBP is also configured to use one or more FDD algorithms, examples of which
are described above, to perform fault detection and diagnostics using the system and sensor data

received by the SBP.

[0085] In some embodiments, the frontend of the system is implemented as a web-based
graphical user interface for users to interact with the system. Users can access the web interface
using a web browser for data visualization, whole building consumption prediction, HVAC
FDD, and what-if analysis. In one implementation, the visualizations may be implemented by
the Data-Driven Documents library d3.js, which allows users to acquire more information

through an interactive platform.

[0086] FIG. 16 illustrates an example of a front end dashboard that may be used in
accordance with some embodiments. As shown, the dashboard displays some key performance
metrics (e.g., cost, demand, and faults) at the top, the trends of the whole building consumption
data in the middle, and a list of buildings in the system with their corresponding consumption
data at the bottom. The whole building consumption data includes electricity, chilled water, and
steam. For the trends of the whole building consumption data, the predictive mean and 95%

confidence intervals is shown.

[0087] While various inventive embodiments have been described and illustrated herein,
those of ordinary skill in the art will readily envision a variety of other means and/or structures
for performing the function and/or obtaining the results and/or one or more of the advantages
described herein, and each of such variations and/or modifications is deemed to be within the
scope of the inventive embodiments described herein. More generally, those skilled in the art
will readily appreciate that all parameters, dimensions, materials, and configurations described
herein are meant to be exemplary and that the actual parameters, dimensions, materials, and/or
configurations will depend upon the specific application or applications for which the inventive
teachings is/are used. Those skilled in the art will recognize, or be able to ascertain using no
more than routine experimentation, many equivalents to the specific inventive embodiments
described herein. It is, therefore, to be understood that the foregoing embodiments are presented
by way of example only and that, equivalents thereto, inventive embodiments may be practiced
otherwise than as specifically described. Inventive embodiments of the present disclosure are
directed to each individual feature, system, article, material, kit, and/or method described herein.

In addition, any combination of two or more such features, systems, articles, materials, kits,
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and/or methods, if such features, systems, articles, materials, kits, and/or methods are not

mutually inconsistent, is included within the inventive scope of the present disclosure.

[0088] Also, the technology described herein may be embodied as a method, of which an
example has been provided. The acts performed as part of the method may be ordered in any
suitable way. Accordingly, embodiments may be constructed in which acts are performed in an
order different than illustrated, which may include performing some acts simultaneously, even

though shown as sequential acts in illustrative embodiments.

[0089] All definitions, as defined and used herein, should be understood to control over
dictionary definitions, definitions in documents incorporated by reference, and/or ordinary

meanings of the defined terms.

[0090] The indefinite articles “a” and “an,” as used herein, unless clearly indicated to the

contrary, should be understood to mean “at least one.”

[0091] The phrase “and/or,” as used herein, should be understood to mean “either or both”
of the elements so conjoined, i.e., elements that are conjunctively present in some cases and
disjunctively present in other cases. Multiple elements listed with “and/or” should be construed
in the same fashion, i.e., “one or more” of the elements so conjoined. Other elements may
optionally be present other than the elements specifically identified by the “and/or” clause,
whether related or unrelated to those elements specifically identified. Thus, as a non-limiting
example, a reference to “A and/or B”, when used in conjunction with open-ended language such
as “comprising” can refer, in one embodiment, to A only (optionally including elements other
than B); in another embodiment, to B only (optionally including elements other than A); in yet

another embodiment, to both A and B (optionally including other elements); etc.

[0092] As used herein, “or” should be understood to have the same meaning as “and/or” as
defined above. For example, when separating items in a list, “or” or “and/or” shall be
interpreted as being inclusive, i.e., the inclusion of at least one, but also including more than
one, of a number or list of elements, and, optionally, additional unlisted items. In general, the

term “or” as used herein shall only be interpreted as indicating exclusive alternatives (i.e. “one

or the other but not both”) when preceded by terms of exclusivity, such as “either,” “one of,”
“only one of,” or “exactly one of.”
[0093] As used herein, the phrase “at least one,” in reference to a list of one or more

elements, should be understood to mean at least one element selected from any one or more of

the elements in the list of elements, but not necessarily including at least one of each and every
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element specifically listed within the list of elements and not excluding any combinations of
elements in the list of elements. This definition also allows that elements may optionally be
present other than the elements specifically identified within the list of elements to which the
phrase “at least one” refers, whether related or unrelated to those elements specifically
identified. Thus, as a non-limiting example, “at least one of A and B” (or, equivalently, “at least
one of A or B,” or, equivalently “at least one of A and/or B”) can refer, in one embodiment, to at
least one, optionally including more than one, A, with no B present (and optionally including
elements other than B); in another embodiment, to at least one, optionally including more than
one, B, with no A present (and optionally including elements other than A); in yet another
embodiment, to at least one, optionally including more than one, A, and at least one, optionally

including more than one, B (and optionally including other elements); etc.

[0094] What is claimed is:
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CLAIMS

1. A computer-implemented method of predicting resource usage within a building, the
method comprising:

receiving data values representing usage measurements of one or more resources, the
data values being produced by one or more sensors located within and/or near the building;

identifying a plurality of features, each feature of the plurality of features being a
measureable property of one of the one or more resources and thereby associated with the usage
measurements of the one of the one or more resources;

training, using at least one processor, a first Gaussian process regression model on a first
subset of the data values by optimizing first hyperparameters of the first Gaussian process
regression model, wherein each of the first hyperparameters is associated with one of the
plurality of features;

calculating, using the at least one processor, based on the first Gaussian process
regression model, an indicator value for each feature of the plurality of features, the indicator
value indicating an extent to which variation in values of the feature correlates to variation in the
usage measurements produced by the one or more sensors and associated with the feature;

training, using the at least one processor, a second Gaussian process regression model on
a second subset of the data values by optimizing second hyperparameters of the second Gaussian
process regression model, wherein each of the second hyperparameters is associated with one of
a subset of the plurality of features, wherein features of the subset are selected from amongst the
plurality of features based, at least in part, on said indicator values calculated for the features of
the subset; and

predicting, using the at least one processor, usage of a first resource of the one or more

resources based on the trained second Gaussian process regression model.

2. The method of claim 1, wherein predicting the usage of the first resource comprises
predicting a usage amount of the first resource and an estimate of uncertainty associated with the

predicted usage amount of the first resource.

3. The method of claim 1, further comprising detecting an anomaly by comparing
additional usage measurements of the first resource with the predicted usage of the first

resource.
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4. The method of claim 3, wherein detecting the anomaly is further based on an estimate of

uncertainty associated with the predicted usage of the first resource.

5. The method of claim 4, wherein detecting the anomaly is based on identifying that the
additional usage measurements of the first resource exceed a threshold confidence interval

defined by the estimate of uncertainty associated with the predicted usage of the first resource.

6. The method of claim 1, wherein the one or more resources includes one or more of

electricity, water, steam, oil and/or gas.

7. The method of claim 1, wherein the plurality of features include a first feature that is a
measureable property of the first resource, and wherein the first feature indicates usage of the

first resource by one of: day of the year, week of the year, or day of the week.

8. The method of claim 1, wherein the first hyperparameters are characteristic length scales
in covariance functions of the first Gaussian process regression model each associated with the

one of the plurality of features.

9. The method of claim 1, further comprising predicting, using the at least one processor,
usage of a second resource of the one or more resources based on the trained second Gaussian

process regression model.

10. The method of claim 1, further comprising displaying the predicted usage amount of the

first resource to a user via at least one display.

11. The method of claim 2, further comprising calculating, using the at least one processor,
an impact factor of the first resource based at least in part on the predicted usage amount of the
first resource and the estimate of uncertainty associated with the predicted usage amount of the

first resource.
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12. The method of claim 11, wherein calculating the impact factor of utilization of the first
resource is further based on an amount of noise added to the estimate of uncertainty associated

with the predicted usage amount of the first resource.

13. At least one computer-readable medium comprising instructions that, when executed by
at least one processor, perform a method of predicting resource usage within a building, the
method comprising:

receiving data values representing usage measurements of one or more resources, the
data values being produced by one or more sensors located within and/or near the building;

identifying a plurality of features, each feature of the plurality of features being a
measureable property of one of the one or more resources and thereby associated with the usage
measurements of the one of the one or more resources;

training, using the at least one processor, a first Gaussian process regression model on a
first subset of the data values by optimizing first hyperparameters of the first Gaussian process
regression model, wherein each of the first hyperparameters is associated with one of the
plurality of features;

calculating, using the at least one processor, based on the first Gaussian process
regression model, an indicator value for each feature of the plurality of features, the indicator
value indicating an extent to which variation in values of the feature correlates to variation in the
usage measurements produced by the one or more sensors and associated with the feature;

training, using the at least one processor, a second Gaussian process regression model on
a second subset of the data values by optimizing second hyperparameters of the second Gaussian
process regression model, wherein each of the second hyperparameters is associated with one of
a subset of the plurality of features, wherein features of the subset are selected from amongst the
plurality of features based, at least in part, on said indicator values calculated for the features of
the subset; and

predicting, using the at least one processor, usage of a first resource of the one or more

resources based on the trained second Gaussian process regression model.
14. The at least one computer-readable medium of claim 13, wherein predicting the usage of

the first resource comprises predicting a usage amount of the first resource and an estimate of

uncertainty associated with the predicted usage amount of the first resource.
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15. The at least one computer-readable medium of claim 13, wherein the method further
comprises detecting an anomaly by comparing additional usage measurements of the first

resource with the predicted usage of the first resource.

16. The at least one computer-readable medium of claim 13, wherein the one or more

resources includes one or more of electricity, water, steam, oil and/or gas.

17. The at least one computer-readable medium of claim 13, wherein the first
hyperparameters are characteristic length scales in covariance functions of the first Gaussian

process regression model each associated with the one of the plurality of features.

18. A system, comprising:
at least one processor; and
at least one computer-readable medium comprising instructions that, when executed by
the at least one processor, perform a method of predicting resource usage within a building, the
method comprising:
receiving data values representing usage measurements of one or more resources,
the data values being produced by one or more sensors located within and/or near the
building;
identifying a plurality of features, each feature of the plurality of features being a
measureable property of one of the one or more resources and thereby associated with
the usage measurements of the one of the one or more resources;
training, using the at least one processor, a first Gaussian process regression
model on a first subset of the data values by optimizing first hyperparameters of the first
Gaussian process regression model, wherein each of the first hyperparameters is
associated with one of the plurality of features;
calculating, using the at least one processor, based on the first Gaussian process
regression model, an indicator value for each feature of the plurality of features, the
indicator value indicating an extent to which variation in values of the feature correlates
to variation in the usage measurements produced by the one or more sensors and
associated with the feature;
training, using the at least one processor, a second Gaussian process regression

model on a second subset of the data values by optimizing second hyperparameters of
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the second Gaussian process regression model, wherein each of the second
hyperparameters is associated with one of a subset of the plurality of features, wherein
features of the subset are selected from amongst the plurality of features based, at least in
part, on said indicator values calculated for the features of the subset; and

predicting, using the at least one processor, usage of a first resource of the one or

more resources based on the trained second Gaussian process regression model.

19. The system of claim 18, wherein predicting the usage of the first resource comprises

predicting a usage amount of the first resource and an estimate of uncertainty associated with the

predicted usage amount of the first resource.

20. The system of claim 18, wherein the method further comprises detecting an anomaly by

comparing additional usage measurements of the first resource with the predicted usage of the

first resource.
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