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ABSTRACT 

In variants, the method for change analysis can include detecting a rare change in a 

geographic region by comparing a first and second representation, extracted from a 

first and second geographic region measurement sampled at a first and second time, 

respectively, using a common-change-agnostic model.  
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SYSTEM AND METHOD FOR CHANGE ANALYSIS

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of US Provisional Application

number 63/290,174 filed 16-DEC-2021, and US Provisional Application number

63/350,124 filed 08-JUN-2022, each of which is incorporated in its entirety by this

reference.

TECHNICAL FIELD

[0002] This invention relates generally to the property change field, and more

specifically to a new and useful system and method in the property change field.

BRIEF DESCRIPTION OF THE FIGURES

[0001] FIGURE 1A is a flowchart representation of a variant of the method.

[0001] FIGURE 1B is a schematic representation of a variant of the system.

[0002] FIGURE 2 is a first flowchart representation of a variant of the method.

[0003] FIGURE 3A is a first illustrative example of training a representation

model.

[0004] FIGURE 3B is a first illustrative example of change detection using the

representation model.

[0005] FIGURE 4A is a second illustrative example of training a representation

model.

[0006] FIGURE 4B is a second illustrative example of change detection using

the representation model.

[0007] FIGURE 4C is a third illustrative example of training a representation

model.

[0008] FIGURE 4D is a third illustrative example of change detection using the

representation model.

[0009] FIGURE 5A is a fourth illustrative example of training a representation

model.

[0010] FIGURE 5B is a fourth illustrative example of change detection using the

representation model.
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[0011] FIGURE 6 is a second flowchart representation of a variant of the

method.

[0012] FIGURE 7 is a first illustrative example of training a change classification

model.

[0015] FIGURE 10 is an illustrative example of determining a time change.

[0016] FIGURE 11 is an illustrative example of determining an image segment

model.

[0018] FIGURE 13 is an illustrative example of determining that no geographic

FIGURE 16A is a fourth illustrative example of training a change

FIGURE 17A is a sixth illustrative example of training a change

FIGURE 18 is a first illustrative example of determining a change

FIGURE 19B is a third illustrative example of determining a change
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DETAILED DESCRIPTION

[0003] The following description of the embodiments of the invention is not

intended to limit the invention to these embodiments, but rather to enable any person

skilled in the art to make and use this invention.

1. Overview

[0004] As shown in FIGURE 1A, the method for change analysis can include:

training a representation model S100 and evaluating a geographic region S300.

elements.

[0005] The method functions to detect rare changes (e.g., caused by disaster,

house fire, remodeling, etc.) for a given geographic region (e.g., property, address,

geocoordinates, point of interest, geographic location, etc.). In variants, the method

can additionally or alternatively generate a common-change-agnostic model (e.g.,

changes can be more accurately detected), generate a baseline common-change-

agnostic representation for a geographic region (e.g., baseline appearance-based

representation for the geographic region), train a change classification model, identify

one or more geographic regions associated with a change type and/or any other change

information, and/or perform other functionalities.

2. Examples

[0006] In an example, the method can include: determining a baseline vector

region from a first timestamp using a common-change-agnostic model; determining a

test vector of the geographic region based on a test image of said geographic region

from a different timestamp using the common-change-agnostic. model; detecting a

rare change when the test vector differs from the baseline vector (e.g., differs beyond

a threshold value); and optionally classifying the rare change using a change
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classification model. In this example, the common-change-agnostic model can be

trained (e.g., using self-supervised learning) based on a set of training images, wherein

the common-change-agnostic model is trained to output the same vector for each

image of the same geographic region. The set of training images can include a set of

heterogeneous images of each geographic region. For example, the set of training can

[0007] Variants of the technology can confer one or more advantages over

inventors have discovered that a comprehensive common change taxonomy is difficult

when a different representation is output for said geographic region (example shown
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region may be taken infrequently) with limited or no availability of ground-truth

labels.

[0011] Fourth, variants of the technology can leverage visual features (e.g.,

appearance-based features) instead of geometric features when evaluating whether a

change has occurred. The inventors have discovered that, in some situations,

geometric features extracted from remote measurements (e.g., remote imagery) using

appearance-based methods can be highly susceptible to common changes and remote

visual features can be more robust to said common changes and remote measurement

errors. This can be particularly useful when comparing measurements from different

modalities (e.g., aerial and satellite imagery of the same property), which oftentimes

depict common changes (e.g., due to georegistration discrepancy, atmospheric effects,

misalignment, etc.) even if sampled contemporaneously. However, geometric features

be trained to extract the same geometric feature vector given different geometric

measurements for a given geographic region).

[0012] Fifth, variants of the technology can store the representations instead of

the measurements, which can minimize the amount of storage necessary to store a

timeseries of data for a given geographic region.

[0013] Sixth, variants of the technology can increase the computational

efficiency of evaluating a large dataset of geographic regions (e.g., identifying and

geographic regions in the dataset that experienced a given rare change type, etc.). In

an example, the dataset of geographic regions can be filtered to identify geographic

regions that have experienced a rare change, such that a downstream change

classification can be performed for the filtered subset of geographic regions instead of

the unfiltered dataset.
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[0014] However, further advantages can be provided by the system and method

disclosed herein.

4. System

[0001] As shown in FIGURE 1B, the system can include one or more

representation models, change classification models, and/or any other set of models.

geographic regions can function as test geographic regions (e.g., a geographic region

region component or set or segment thereof, and/or otherwise defined. A property

statutes, fences, etc.); temporary improvements or objects (e.g., trampoline);
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geographic region identifier can be used to retrieve geographic region information,

such as parcel information (e.g., parcel boundary, parcel location, parcel area, etc.),

geographic region measurements, geographic region descriptions, and/or other

geographic region data. The geographic region identifier can additionally or

alternatively be used to identify a geographic region component, such as a primary

building or secondary building, and/or be otherwise used.

[0018] Each geographic region can be associated with geographic region

over a threshold period of time) or variable (e.g., vary over time). The geographic

region information can be associated with: a time (e.g., a generation time, a valid

duration, etc.), a source (e.g., the information source), an accuracy or error, and/or

any other suitable metadata. The geographic region information is preferably specific

to the geographic region, but can additionally or alternatively be from other geographic

more attributes with the geographic region). Examples of geographic region

information can include: measurements, descriptions, representations (e.g., baseline

representation, appearance feature vectors, etc.), attributes, auxiliary data, and/or any

other suitable information about the geographic region.

[0019] Geographic region measurements preferably measure an aspect about

the geographic region, such as a visual appearance, geometry, and/or other aspect. In

variants, when the geographic region includes a property, the geographic region

additionally or alternatively depict the surrounding region, adjacent properties,

and/or other factors. The measurement can be: 2D, 3D, and/or have any other set of

dimensions. Examples of measurements can include: images, surface models (e.g.,

digital surface models (DSM), digital elevation models (DEM), digital terrain models

(DTM), etc.), polygons, point clouds (e.g., generated from LIDAR, RADAR,
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stereoscopic imagery, etc.), depth maps, depth images, virtual models (e.g., geometric

models, mesh models), audio, video, radar measurements, ultrasound measurements,

and/or any other suitable measurement. Examples of images that can be used include:

RGB images, hyperspectral images, multispectral images, black and white images,

grayscale images, panchromatic images, IR images, NIR images, UV images, NDVI

proximity to the geographic region. The remote measurements can be measurements

etc.), angled and/or oblique measurements (e.g., at an angle to vertical, orthographic

measurement (e.g., a mosaic of multiple measurements), orthorectified, and/or
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otherwise used.

image, generated from a set of images, etc.), synthetically determined, and/or

otherwise determined. The measurements can be from the same measurement

provider (e.g., vendor) or from different measurement providers (e.g., retrieved from

different provider databases).

[0023] The geographic region information can include geographic region

descriptions. The geographic region description can be: a written description (e.g., a

text description), an audio description, and/or in any other suitable format. The

Examples of geographic region descriptions can include: listing descriptions (e.g.,

from a realtor, listing agent, etc.), property disclosures, inspection reports, permit

data, change descriptions, appraisal reports, and/or any other text based description

of a geographic region.

[0024] The geographic region information can include auxiliary data. Examples

insurance loss data, inspection data, appraisal data, broker price opinion data,

valuations, geographic region attribute and/or component data (e.g., values),

historical weather and/or hazard data, measurement context (e.g., measurement

acquisition pose, measurement provider, measurement time, sensing modality,

obstructions, etc.), and/or any other suitable data.

[0025] However, the geographic region information can include any other

suitable information about the geographic region.

geographic region attributes, which function to represent one or more aspects of a

given geographic region. The geographic region attributes can be semantic,

quantitative, qualitative, and/or otherwise describe the geographic region. Each

geographic region can be associated with its own set of geographic region attributes,

and/or share geographic region attributes with other geographic regions. As used
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herein, geographic region attributes can refer to the attribute parameter (e.g., the

geographic region).

[0027] Geographic region attributes can include: geographic region

components, features (e.g., feature vector, mesh, mask, point cloud, pixels, voxels, any

automatically determined (e.g., using a model), manually determined, and/or

otherwise determined.

property class. Property classes can include a residential property (e.g., single-family

NOV-2021, US Application No. 17/475,523 filed 15-SEP-2021, US Application No.
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representations (e.g., geographic region representations). The representation is

is preferably a vector (e.g., feature vector), but can additionally or alternatively be an

array, a set, a matrix, a map, an embedding, an encoding, a multidimensional surface,

a single value, and/or any other suitable representation. The representation can be any

shape (e.g., of any dimension). The representation preferably includes values for

nonsemantic features, but can additionally or alternatively include values for semantic

features (e.g., attribute values) and/or any other information. The representation is

preferably extracted using a representation model, but can additionally or

determined.

[0031] A geographic region can experience one or more common changes, rare

changes, and/or no changes.

[0032] Common changes are preferably temporary and/or transient changes to

the appearance of the geographic region (e.g., last less than a day, last less than a year,

alternatively be permanent. Common changes (e.g., common differences) can be

caused by the environment (e.g., shadows, tree occlusions, seasons, clouds, birds, light

glare, weather, sun angle, etc.), be manmade (e.g., car and/or other vehicle presence,

planes, repainting, decorations, temporary structures, etc.), be caused by obstructions,

be due to the data source (e.g., different measuring entities, different sensing

modalities, different post-processing steps, different measurement acquisition poses

relative to the geographic region, other differing measurement contexts, etc.), and/or

shadows, trees, tree leaves, bushes, other plants, light glare, etc.), manmade

obstructions (e.g., car, planes, other vehicles, decorations, temporary structures, etc.),

orthorectification errors, and/or any other visual obstructions of the geographic

region. Temporary structures can include tents, event structures, portable/mobile

toilets, trampolines, playsets, and/or any other temporary and/or mobile structures.
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Measurement acquisition pose can include measurement acquisition angle relative to

distance from the geographic region, etc.), and/or any other geometric relationship.

Common changes can be changes (e.g., appearance changes, geometric changes,

measurement changes) that occur in: more than a threshold proportion of the

temporary and/or transient. Rare changes preferably occur for less than a threshold

30%, etc.), but can alternatively be less than 0.001% or greater than 30%. For a dataset

wildfire, tornadoes, storm, hurricane, earthquake, flooding, drought, etc.), be man-
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vandalization, etc.), property loss event, property construction event (e.g., remodeling,

associated with change information. Examples of change information elements

include: a change type (e.g., change classification), change extent, change magnitude,

change time (e.g., a time when the change event occurred, a time range during which

the change event occurred, etc.), change cost (e.g., cost to repair a property damage

event), change occurrence (e.g., a probability that a given geographic region

experienced the change event), change cause, change description (e.g., one or more

longform text descriptions and/or other text labels corresponding to the change type),

information.

[0036] Change types can include a natural change type (e.g., related to a change

in a tree, a body of water, vegetation, etc.), an artificial change type (e.g., related to a

change in a house, a building, a roof, a pool, a driveway, a shed, etc.), any/or any other

suitable change type classification.

categorical/multiclass (e.g., low change, medium change, high change), binary (e.g.,

change has occurred vs. change has not occurred), non-binary (e.g., 1, 2, 3, 4, 5),

discrete, continuous, and/or otherwise structured.

[0038] Models in the system (e.g., the representation model, the change

classification model, etc.) can be or use one or more of: regression (e.g., leverage

regression), classification (e.g., binary classifiers, multiclass classifiers, semantic

segmentation models, instance-based segmentation models, etc.), neural networks

stories of a property based on the height of a property), equations (e.g., weighted

equations, etc.), selection and/or retrieval (e.g., from a database and/or library),

instance-based methods (e.g., nearest neighbor), regularization methods (e.g., ridge

regression), decision trees, Bayesian methods (e.g., Naive Bayes, Markov, etc.), kernel

methods, deterministics, genetic programs, support vectors, optimization methods,
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statistical methods (e.g., probability), comparison methods (e.g., vector comparison,

(e.g., k-means clustering), principal component analysis, local linear embedding,

independent component analysis, unrestricted Boltzmann machines, encoders (e.g.,

autoencoders, variational autoencoders, regularized autoencoder, concrete

learning method (e.g., CV/ML extraction methods), and/or any other suitable method.

[0039] The representation model (e.g., geographic region representation

representation model receives multiple measurements (e.g., two measurements) and
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alternatively be another model. In examples, the representation model can be an

of change (e.g., the type of rare change) depicted across pre-change and post-change

measurements (example shown in FIGURE 15). Inputs to the change classification

model can include geographic region representations (e.g., a pair of representations

for a pair of measurements, a single measurement-pair representation for a pair of

measurements, etc.), one or more measurements, a comparison metric, change

information (e.g., change type, change description, etc.), auxiliary data (e.g.,

measurement context data), outputs from the representation model, and/or any other

the geographic region before and/or after a change event, a set (e.g., pair) of

measurements spanning the change (e.g., a series of images), and/or any other

measurements. Inputs can be determined via user input (e.g., a user specified change

type and/or change description of interest, a user specified geographic region, a user

specified measurement time, etc.), selected from a database (e.g., select measurements

of interest), automatically determined (e.g., using the representation model), and/or

otherwise determined. Outputs from the change classification model can include a

change type (e.g., change classification) and/or change description, a probability (e.g.,

likelihood) of one or more inputs (e.g., a pair of measurements, a pair of

representations, etc.) corresponding to a given change type and/or change description,

any other change information, and/or any other suitable outputs. The change

classification model can optionally be or include the representation model (e.g., the

interface with the representation model (e.g., in series, in parallel, etc.), and/or be

unrelated to the representation model. However, the change classification model can

be otherwise configured.

[0041] The system can optionally include a database which can function to store

geographic region identifiers, geographic region information (e.g., location,
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measurements, representations, change information, etc.), and/or any other

relative to any other system or module. In variants, the database can be or interface

with a third-party source (e.g., third-party database, MLS database, city permitting

database, historical weather and/or hazard database, tax assessor database, CONUS

system can function to execute all or portions of the method, and/or perform any other

components. The computing system can be used with a user interface (e.g., mobile

5. Method
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elements.

automatically, and/or otherwise performed.

[0045] All or portions of the method can be performed in real time, in response

to a request from an endpoint, before receipt of a request, iteratively, asynchronously,

periodically, and/or at any other suitable time. All or portions of the method can be

performed for one geographic region, multiple geographic regions, and/or any other

suitable number of geographic regions. All or portions of the method can be performed

for all geographic regions within a geographic region set (e.g., all geographic regions

batch, etc.), a single geographic region (e.g., requested location), and/or any other

suitable location(s). All or portions of the method can be repeated for different

geographic regions, timeframes, and/or otherwise repeated.

[0046] Training a representation model S100 functions to train a model to be

agnostic to common changes at a geographic region. The representation model can be

times, responsive to a request, responsive to receipt of additional information, and/or

any other suitable time frequency. The representation model can be specific to a

property (e.g., a property identifier, a parcel identifier, etc.), to a property class (e.g.,

residential properties, commercial properties, etc.), a geographic region (e.g., by

street, by town, by city, by county, by state, by country, a geofence of any geographic

region in the world, a geographic identifier, etc.), a settlement class (e.g., urban,

suburban, rural, etc.), a rare change type (e.g., object removed, object added, object

spring, summer, etc.), a climate type (e.g., tropical rainy, dry, temperate marine,

temperate continental, polar, highlands, etc.), and/or be otherwise specific.

Additionally or alternatively, the model can be generic across properties, property

classes, geographic regions, settlement classes, rare change types, season types,

climate types, and/or be otherwise generic.
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[0047] As shown in FIGURE 2 and FIGURE 6, S100 can include: determining a

based on the representation S120.

[0030] Determining a representation for a geographic region S110 functions to

determine a representation for a geographic region using a representation model

the set of measurements. However, S110 can be otherwise performed.

region); and/or be otherwise defined. The measurements are preferably

not include a car, etc.) and/or not be specific to a change type (e.g., the first
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rare change type, common change type, etc.), change extent, change magnitude,

alternatively be associated with the same time. For example, a first measurement is

associated with a first time and a second measurement is associated with a second

time. In examples, the difference between the first and second time can be 6 hours, 12

hours, 1 day, 1 week, 2 weeks, 1 month, 2 months, 4 months, 6 months, 1 year, 2 years,

5 years, 10 years, and/or any other time difference. The difference between the first

and second time can optionally be greater than a threshold time difference, wherein

the threshold time difference can be between 1 day - 5 years or any range or value

etc.), but can alternatively be less than 1 day or greater than 1 year.

[0035] The measurements preferably represent (e.g., depict) the same

geographic region, but can additionally or alternatively represent different geographic

regions. For example, a first measurement depicts a first property within the

geographic region (e.g., neighborhood) and a second measurement depicts a second

[0036] A measurement can optionally be determined based on another

measurement. For example, a second measurement can be determined based on a first

measurement (e.g., to simulate a common and/or rare change, to simulate additional

measurement variability, to increase robustness of the representation model, to adjust

a distribution of the training data, to debias the training data, etc.). In examples, the

second measurement can be a modified first measurement (e.g., modified using a

model). Examples of modifications include: color adjustments, measurement pose

obstructions (e.g., trees), removal of obstructions, and/or any other modifications.

[0037] The measurements can be randomly selected (e.g., from a set of

measurements for a geographic region), selected based on a distribution of common

changes, selected based on measurement time, sequentially selected (e.g., iterate

through each of a set of measurements to perform S110 for each pair), include all
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available measurements for a geographic region, exclude measurements associated

[0038] The measurements can: include only measurements depicting common

changes, exclude measurements depicting rare changes, include both measurements

including both common changes and rare changes (e.g., as positive and negative test

features (e.g., nonsemantic features, semantic features, etc.), but can additionally or

representation based on a single measurement. For example, S110 can include

model are derived from the weights of the other), models with different base networks,
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network) is a second representation (e.g., second vector); examples shown in FIGURE

receives two or more measurements and outputs a single representation). In a specific

example, the representation can be a measurement-pair representation, wherein the

representation is for a pair of measurements. In a first embodiment, the geographic

region representation (e.g., the measurement-pair representation) can be a

comparison metric (e.g., determined via S120 methods) between a first intermediate

representation and a second intermediate representation (e.g., wherein the

intermediate representations are determined using the first variant). In a second

representation) can be a concatenated first intermediate representation and second

intermediate representation. In a third embodiment, the geographic region

representation can be an aggregated representation for a set of intermediate

representations (e.g., wherein each of the intermediate representations is determined

based on a single measurement). For example, an intermediate representation can be

corresponding measurement for the property), wherein the aggregated representation

is concatenation, average (e.g., weighted average), and/or any other aggregation of the

set of intermediate representations (e.g., example shown in FIGURE 20). In a fourth

embodiment, the geographic region representation (e.g., the measurement-pair

representation) can be directly determined based on multiple measurements (e.g.,

without intermediate representations). In a fourth embodiment, the representation

can be a representation of the concatenated representations. The multiple

described in the first variant) and/or any number of measurements.

[0042] However, the representation for a geographic region can be otherwise

determined.

[0043] Training the representation model based on the representation S120

functions to train a representation model using the representation as input. The
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representation model can be used to determine a baseline representation for a

otherwise used. The model is preferably the same representation model from S110, but

can additionally or alternatively be a different model. S120 can be performed after S110

(e.g., after each instance of S110, after S110 is iteratively performed for each of a set of

a predetermined number of training iterations have been performed, and/or any other

single-shot learning, zero-shot learning, and/or any other suitable training method. In

that can be used can include: bootstrap your own latent (BYOL), bidirectional encoder
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determining a comparison metric (e.g., based on a first and second representation of

occurrence, etc.), binary (e.g., rare change occurrence, no rare change occurrence),

multiclass, and/or otherwise structured. The comparison metric can include: a loss

function metric, a distance metric, a similarity metric (e.g., Jaccard similarity, cosine

similarity, etc.), a dissimilarity metric, a clustering metric, a threshold comparison, a

statistical measure, and/or any other suitable metric. Distance metrics can include a

vector distance (e.g., a distance between a first representation vector and a second

representation vector), wherein the distance is determined using: cosine distance,

method.

[0046] In a first embodiment of the first variant, the comparison metric is based

on a comparison between a first and second geographic region representation (e.g.,

determined via S110 methods). For example, the comparison metric can represent a

similarity between the first representation and the second representation. In a specific

representation and a second vector representation. In a second embodiment of the

first variant, the comparison metric is based on a comparison between a

representation and an aggregated representation. In an illustrative example, the

comparison metric is based on a vector distance between a representation for a

property of interest and an aggregate representation for other properties within a

geographic region. In a third embodiment of the first variant, the comparison metric

is based on a single geographic region representation (e.g., a concatenated

[0047] In variants, the representation model can be updated (e.g., the

representation model weights are updated) when the comparison metric does not

satisfy a training target. In a first variant, the training target includes the comparison

metric equal to O (e.g., substantially equal to o). For example, training the

representation model can include minimizing the absolute value of the comparison
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metric. In a specific example, training the representation model can include training

geographic region (e.g., based on different measurements of the geographic region).

In a second variant, the training target includes the comparison metric (and/or an

absolute value of the comparison metric) is less than a threshold (e.g., a training

model.

of the online network. The online network is preferably used for inference in S330, but

after S100, during S100, and/or at any other suitable time.

be trained using a set of individual measurements labeled with a change type (and/or
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descriptions of the first and second measurements), using predetermined

modification of an object (e.g., tree, structure, building, pool, deck, road, roof,

reparation work, ground remodeling, repainting, reroofing, etc.); damage; demolition;

and/or any other suitable change type. Specific examples of rare change types can

include changes in: physical geometry of permanent structures (e.g., more than a

threshold amount of geometric change in an object associated with a permanent label);

property condition (e.g., displacement of shingles on a roof, addition and/or removal

limbs, torn bark, shredded foliage, etc.), water level of body of water (e.g., increasing

water level of lake), and/or any other suitable change.

[0053] In a first variant, the change classification model is the representation

model (e.g., trained via S100), wherein the representation model can be trained to

output a rare change label (e.g., change type and/or change description) by labeling

example shown in FIGURE 7. For example, the representation model can be trained

to predict the representation and the rare change type.

[0054] In a second variant, the change classification model is the representation

model (e.g., trained via S100), wherein the representation model can be tuned to be

specific to a rare change type (e.g., after the representation model is trained to output

the same representation given different measurements of the same geographic

region); example shown in FIGURE 9. The representation model can be tuned to

change types (e.g., wherein other rare changes are included in the training set for

initial representation model training in S100), and/or otherwise tuned. The

representation model can be tuned using pre-change and post-change measurement

pairs (e.g., image pairs) for the same geographic region for a given rare change type,

and/or using any other suitable training data.
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[0055] In a third variant, the change classification model is different from the

change type; example shown in FIGURE 8. In a first example, a first representation

can be extracted from a pre-rare change measurement and a second representation

can be extracted from a post-rare change measurement (e.g., using the representation

model). The first and second vectors can be ingested by the change classification

classifier (e.g., linear classifier) and/or a jointly trained image feature extractor that

classification model is a CLIP model). The text encoder input can include a set of

any other suitable inputs. The image encoder output can include a measurement-pair
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measurement and a second measurement) depict a given change type based on

example, the trained text encoder synthesizes a zero-shot classifier (e.g., linear

the rare change occurring between two measurement inputs. In an example, the

change classification model determines a comparison metric based on the text

representation and the measurement-pair representation, wherein the comparison

metric represents a likelihood that the measurements used to determine the

measurement-pair representation depict the change description used to determine the

in S100 or a different comparison metric. In a first specific example, the change

classification model outputs the comparison metric. In a second specific example,

when the comparison metric is above a threshold (e.g., above a predetermined match

probability, above a second-highest match probability, etc.), the change classification

model outputs the change description (e.g., indicating the measurements depict a

change classification model selects one or more change descriptions from a set of

change descriptions (e.g., each with a corresponding text representation and

comparison metric) associated with the lowest comparison metrics (e.g., the most

likely applicable change description). However, the change classification model can

otherwise be configured.

[0059] In a first example of training the change classification model, the image

encoder and text encoder are trained together (e.g., simultaneously, concurrently,

not the representation model trained in S100 (e.g., wherein the image encoder is

trained using supervised learning and the representation model from S100 is trained

using self-supervised learning), but can alternatively be the same representation

model. For example, the text encoder and image encoder can be trained using CLIP

methods (e.g., modified CLIP methods) with a labeled training dataset (e.g., ground
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truth data) to predict change-text pairs (e.g., a measurement-pair representation and

description, respectively). The labeled training dataset can include pairs of

measurement pairs and change descriptions (e.g., two measurements and one or more

change descriptions in each training pair) and/or pairs of any number of

FIGURE 17A.

can be trained using CLIP methods (e.g., modified CLIP methods) with a labeled

training pair), and/or pairs of any number of representations and change descriptions.

[0063] As shown in FIGURE 2 and FIGURE 6, S300 can include: determining
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functions to determine a first comparison point for the geographic region (e.g., the

[0065] In a first variant, the baseline representation can be determined based

model (e.g., extracted from the baseline measurement using the trained

representation model). The trained representation model is preferably the

representation model trained in S100, but can alternatively be a different model. The

baseline measurement is preferably sampled before occurrence of a rare change, but

can alternatively be sampled at any other suitable time. The baseline measurement can

measurement associated with the geographic region, selecting the most recent

measurement associated with the geographic region prior to a hazard event, etc.), the

measurement sampled at a time closest to a baseline time (e.g., a user input baseline

time), and/or otherwise selected from a set of measurements for the geographic region

of interest.

geographic regions, wherein the baseline representations can be stored in association

with a geographic region identifier and subsequently retrieved for test representation

evaluation. In variants, the baseline measurement can be discarded after baseline

representation extraction, which can reduce the amount of data that needs to be stored

for a given geographic region (e.g., property). In a second example, S310 is performed

with S320, wherein both the baseline representation and the test representation are

contemporaneously selected from the measurements for the geographic region of

interest.

[0067] In a second variant, the baseline representation can be retrieved from a

database, wherein the baseline representation for the geographic region was

previously determined as described in the first variant.

[0068] However, the baseline representation for the geographic region can be

otherwise determined.
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[0069] Determining a test representation for the geographic region S320

be performed after a known rare change event (e.g., after a hailstorm, after remodeling

the property, etc.), periodically, for each new measurement of the geographic region,

in response to a request, and/or any other suitable time. S320 is preferably performed

selected during S320), but alternatively can be performed before S310 and/or any

other suitable time.

sampled after a rare change, but can alternatively be sampled at any other suitable

and/or any other suitable measurement.
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and/or any other time difference. The difference between the first and second time can

alternatively be less than 1 day or greater than 1 year.

represent different geographic regions. The test measurement preferably encompasses

substantially the same geographic extent as the baseline image, but can alternatively

encompass more or less of the graphic extent as the baseline image.

[0074] However, the test representation for the geographic region can be

otherwise determined.

[0075] Detecting a change S330 functions to detect occurrence of a rare change

by comparing the baseline representation and the test representation. S330 is

preferably performed after S310 and S320, but can alternatively be performed at any

other time.

[0076] In a first variant, the rare change can be detected by determining a

representation (e.g., vector) extracted from the baseline measurement (e.g., image)

and the test measurement (e.g., image) of the same geographic region by the trained

representation model (e.g., examples shown in FIGURE 4B and FIGURE 4D). The

comparison metric can be the same comparison metric used in S100 or a different

comparison metric. The detection of the rare change occurrence can be the comparison

metric and/or be based on the comparison metric. For example, since the trained

representation model is trained to be agnostic to common changes (e.g., the trained

representation model would output substantially the same representation for the same

geographic region if no rare changes had been detected), a rare change can be detected

when the baseline representation and the test representation do not match and/or

differ beyond a threshold difference (e.g., a rare change threshold). A rare change can

be detected when the comparison metric (e.g., absolute value of the comparison

metric) is greater than a threshold (e.g., the same threshold used as the representation
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model training target and/or a different threshold). The threshold can be O and/or a

example, the comparison metric can be a cosine similarity (e.g., a number between O

and 1) that measures the similarity between the baseline region representation and the

test region representation that are represented as non-zero vectors. The rare change is

o.8, threshold = 0.5, 0.8 > 0.5). Otherwise, the rare change is not detected.

[0077] In a second variant, the rare change can be detected using a classifier.

[0081] In a first variant, characterizing the change can include determining a
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shown in FIGURE 18.

set of change descriptions, and outputs a measurement-pair representation and one

In a second specific example, the change classification model ingests a measurement-

pair representation and/or a set of change descriptions, and the change classification

model outputs one or more text representations (e.g., wherein each text representation

corresponds to a change description of the set of change descriptions); example shown

in FIGURE 19B. The set of change descriptions is preferably determined by a user (e.g.,

includes the set of change descriptions that the user is looking for), but can

additionally and/or alternatively be determined automatically, and/or otherwise

determined. The set of change descriptions can be different from the change

descriptions used in the training data to train the change classification model (e.g.,

S200), or can be the same change descriptions used in the training data to train the

representations of the set of (test) change descriptions, generate a measurement-pair

representation (e.g., based on the test images), and/or generate a matrix (e.g., of size

1 by number of change descriptions within the set) relating the measurement-pair

representation and the set of text representations ("change-text pair"). A comparison

metric can be determined for each change-text pair, wherein the change description

associated with the change-text pair having the best comparison metric (e.g., lowest

value, highest value, etc.) is selected as the change type.

[0085] In a second variant, characterizing the change can include determining

a change magnitude (e.g., scoring the change magnitude, binning the change

magnitude, etc.). In a first example, the change magnitude can be determined by

another trained model, given the baseline and test representations. In a second

example, the change magnitude can be determined based on a comparison metric

between the baseline representation and the test representation. The comparison

20
26

20
22

57
   

   
24

 M
ar

 2
02

6

W
O
 
2
0
2
3
/
1
1
4
0
2
7

P
C
T
/
U
S
2
0
2
2
/
0
5
1
7
1
9

3
3

2
0
2
6
2
0
2
2
5
7
 
2
4
 
M
a
r
 
2
0
2
6

s
h
o
w
n
 
i
n
 
F
I
G
U
R
E
 
1
8
.



WO 2023/114027 PCT/US2022/051719

34

metric can be the same comparison metric used in S100, the same comparison metric

comparison metric. The change magnitude can be the comparison metric and/or can

be otherwise based on the comparison metric (e.g., determined using a model that

outputs the magnitude based on the comparison metric).

etc.) can optionally be determined based on the change classification model (e.g., an

output of the change classification model), based on the comparison metric, and/or

geographic region to identify the point at which the representation changed. Examples
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The change time can be determined by performing a binary search on the series of

can include iteratively bisecting the series of measurements and repeating all or parts

measurement and a measurement substantially halfway between the baseline and test

measurements; etc.), thus iteratively narrowing the change time range (e.g., until the

rare change is detected between two adjacent measurements).

[0090] However, the change time can be otherwise determined.

[0091] Providing the change functions to provide one or more change

information elements (e.g., change type, change extent, change magnitude, change

time, change cost, change occurrence, change description, change uncertainty, etc.) to

an endpoint (e.g., physically an endpoint on a network, customer endpoint, user

endpoint, automated valuation model system, etc.) through an interface. The interface

can be a mobile application, web application, desktop application, an API, and/or any

computing system. Providing the change can be based on the geographic region, based

on the user request, and/or otherwise based.

[0092] Providing the change can additionally or alternatively include proving a

comparison metric, a baseline representation or measurement, a test representation

or measurement, a heat map, and/or any other suitable attribute describing the

change.

[0093] In a first variant, providing the change can include presenting a visual

display (e.g., numerical values, baseline measurement, test measurement, a heat map,

etc.) to the user on a web application (e.g., native, browser, etc.). In a specific example,

a change density map can be provided, wherein the change density is based on change

information for each of a set of geographic regions (e.g., wherein a higher change

density is associated with a higher regional density of change occurrence and/or a

20
26

20
22

57
   

   
24

 M
ar

 2
02

6

W
O
 
2
0
2
3
/
1
1
4
0
2
7

P
C
T
/
U
S
2
0
2
2
/
0
5
1
7
1
9

3
5

2
0
2
6
2
0
2
2
5
7
 
2
4
 
M
a
r
 
2
0
2
6



WO 2023/114027 PCT/US2022/051719

36

higher change magnitude). In a second variant, providing the change can include

[0094] However, the change can be otherwise provided.

[0095] However, the geographic region can be otherwise evaluated.

[0096] Determining a geographic region satisfying a change criterion S400

elements of change information (e.g., a change type, change description, change time,

change extent, etc.). S400 can be performed after S300 and/or at any other time. For

otherwise determined. The subset of geographic regions can include all geographic

In a first variant, the criteria include detecting a rare change for the

any other comparison.
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endpoint, which can function to provide one or more geographic regions to an

[00100] However, the geographic region can be otherwise determined.

automated property valuation, for insurance purposes, and/or otherwise used. For

example, any of the outputs discussed above (e.g., for the geographic region) can be

provided to an automated valuation model (AVM), which can predict a property value

based on one or more of the attribute values (e.g., feature values), generated by the

one or more models discussed above, and/or attribute value-associated information.

The AVM can be: retrieved from a database, determined dynamically, and/or

otherwise determined.

[00102] In variants, the rare changes can be used to determine: automated

valuation model error, automated valuation model accuracy, automated property

valuation or price, and/or any other suitable value. The rare changes can be used with:

in value through renovation and/or repairs; incorporate the rare change into a

valuation model to establish the offer price; determine when construction,

remodeling, and/or repairing has occurred; identify properties in portfolio that have

suffered damage; etc.), real estate management (e.g., identify areas that can be

renovated, repaired, added, and/or removed, etc.), real estate valuations (e.g., use rare

in property evaluation models; use rare change as a supplement to a property-level

valuation report; etc.), real estate and loan trading (e.g., detect illegal builds; identify

deterioration since prior due diligence was completed; incorporate the rare change

into collateral valuation in mortgage origination and in secondary mortgage market;

etc.), insurance underwriting (e.g., determine pricing of insurance depending on the

rare change; optimize inspection to identify where to send inspectors; determine when
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properties to initiate claims for; create opportunities to proactively address rare

losses; etc.); for customer target and/or acquisition (e.g., identify geographic regions

where a product, such solar panels, has been widely adopted and target the remaining

customers who haven't purchased the product residing in those geographic regions);

identify which properties and/or geographic regions to run further analyses on;, such

as post-disaster analysis (e.g., search through only geographic regions where a rare

used.

detected (e.g., with a change time substantially near a weather event time) for

aggregate representations across properties in the region, based on a representation

between a first representation for a geographic region of interest determined using the
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geographic region, for an aggregate of a set of geographic regions such as neighboring

reference properties can be indicative of the property's typicality relative to the

representation for the reference property set can be aggregated from representations

of individual properties within the reference property set (e.g., an average

representation, median representation, etc.); be generated based on a reference

property measurement (e.g., image of the neighborhood); and/or otherwise generated.

[00105] However, all or portions of the method can be otherwise used.

[00106] The method can optionally include determining interpretability and/or

(and/or values thereof) can be provided to a user, used to identify errors in the data,

used to identify ways of improving the model, and/or otherwise used. Interpretability

and/or explainability methods can include: local interpretable model-agnostic

Wise Relevance Propagation, contrastive explanations method (CEM), counterfactual

explanation, Protodash, Permutation importance (PIMP), information-theoretic

model interpretation such as Learning to Explain (L2X), partial dependence plots

(PDPs), individual conditional expectation (ICE) plots, accumulated local effect (ALE)

plots, Local Interpretable Visual Explanations (LIVE), breakDown, ProfWeight,

interactions (GA2Ms), Boolean Rule Column Generation, Generalized Linear Rule

Models, Teaching Explanations for Decisions (TED), Class Activation Maps (CAM),

and/or any other suitable method and/or approach.

[00107] All or a portion of the models discussed above can be debiased (e.g., to

protect disadvantaged demographic segments against social bias, to ensure fair

allocation of resources, etc.), such as by adjusting the training data, adjusting the
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used to debias the training data and/or model can include: disparate impact testing,

different weights to instances of the dataset), adversarial debiasing, Reject Option

based Classification (ROC), Discrimination-Aware Ensemble (DAE), temporal

modelling, continuous measurement, converging to an optimal fair allocation,

of disadvantaged sensitive attribute values, decreasing the probability of the favored

sensitive attribute values, training a different model for every sensitive attribute value,

subsystems can communicate via: APIs (e.g., using API requests and responses, API

readable instructions that, when executed by a processing system, cause the

readable media, or any suitable device. The computer-executable component can

combination and permutation of the various system components and the various
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described herein can be performed asynchronously (e.g., sequentially),

method can be used with, in addition to, in lieu of, or otherwise integrated with all or

[00112] As a person skilled in the art will recognize from the previous detailed

description and from the figures and claims, modifications and changes can be made

to the preferred embodiments of the invention without departing from the scope of

this invention defined in the following claims.
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CLAIMS

We Claim:

1. A method, comprising:

determining a first measurement and a second measurement of a geographic

region;

determining a first representation of the geographic region based on the first

measurement using a representation model, wherein the representation

model is trained to be agnostic to common changes;

determining a second representation of the geographic region using the

representation model; and

detecting a rare change for the geographic region based on the first

representation and the second representation.

2. The method of Claim 1, wherein the representation model is trained to output

substantially equivalent training representations based on different measurements of

a training geographic region.

3. The method of Claim 1, further comprising determining a distance between

the first representation and the second representation, wherein the rare change is

detected based on the distance.

4. The method of Claim 1, wherein the representation model comprises an

encoder trained using self-supervised learning.

5. The method of Claim 1, wherein the first measurement and the second

measurement correspond to a first time and a second time, respectively.

6. The method of Claim 1, wherein the first measurement and the second

measurement each comprise aerial images of the geographic region acquired at a first

angle and a second angle, respectively.

7. The method of Claim 1, further comprising classifying the rare change based

on the first representation and the second representation, using a classification

model.

8. The method of Claim 1, wherein the representation model is trained using

self-supervised learning, the method further comprising:
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determining a text representation based on a description of a change type

using a text encoder, wherein the text encoder is trained using supervised

representation, and the text representation.

9.

using a text encoder;

determining a measurement-pair representation based on the first

determining a likelihood that the first measurement and the second

representation and the text representation.

10. A method, comprising:

determining a first and a second measurement of a geographic region;

determining a first representation of the geographic region based on the first

measurement using a representation model, wherein the representation

model is trained using self-supervised learning on a training dataset

comprising unlabeled measurements for a set of training geographic regions;

determining a second representation of the geographic region based on the

second measurement using the representation model;

determining a comparison metric based on the first representation and the

second representation; and

detecting a rare change for the geographic region based on the comparison

metric.

11. The method of Claim 10, wherein the representation model comprises an

encoder.

12. The method of Claim 10, wherein a percentage of the unlabeled measurements

that depict rare changes is less than a threshold.

13. The method of Claim 10, wherein detecting a rare change for the geographic

region comprises detecting that the comparison metric is greater than a threshold.
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14.

training representations based on different measurements of the training geographic

region.

15. The method of Claim 10, further comprising classifying the rare change based

model.

16. The method of Claim 10, wherein the unlabeled measurements within the

17.

correspond to a first time and a second time, respectively, the method further

measurement, wherein the third measurement corresponds to a third time between

of the first or third times.

18. The method of Claim 10, wherein a rare change comprises at least one of

property damage or property construction.

19.

parcel.

20. The method of Claim 10, wherein the geographic region comprises a census

block group.
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