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Goal

Develop an approach that automates the pre-survey 
procedure, specifically whether a residence should be 
removed from an address list due to demolition within a 
time horizon

Be as frictionless as possible:

• Bulk or single address input

• Display retrieved façade imagery

• Output demolition prediction





40



METHODOLOGY

4

41



42

Methodology – Overview



43

Methodology – Overview

1. Acquire data of demolished homes



44

Methodology – Overview

1. Acquire data of demolished homes

2. Acquire façade imagery



45

Methodology – Overview

1. Acquire data of demolished homes

2. Acquire façade imagery

3. Train model to draw masks on façades in imagery



46

Methodology – Overview

1. Acquire data of demolished homes

2. Acquire façade imagery

3. Train model to draw masks on façades in imagery

4. Train demolition model to predict likelihood of 
demolition within 48 months
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Methodology – 1. Demolition Data

Detroit Baltimore

Data for residential homes includes 
location and demolition date
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Data exclusively of demolished homes

Training data usage: 29,052 total images

• Train images: 24,289

• Val images: 2,323

• Test images: 2,440

Base rate at ≤ 48 months: 28.7%

Trained on gold, silver, and bronze-tier 
masked façade imagery

Methodology – 4. Model
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Methodology – 4. ConvNeXt Model
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Façade Model – Confusion Matrix Examples
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Predicted demo ≤ 48 months

Address ID = 6828690

• Captures from 2009 to 2013

• Demo date: 2018-05-10

• Days to demolition (from last): 1743

• Model score: 0.898 (>0.7891)

• Post-demo photo: 2018-07-01
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Façade Model Performance

Metrics

Threshold = 0.7891, n=2440

Accuracy 85.7% (Base rate = 28.7%)

Precision 82.1%

Recall 64.1%

F1 0.72

Predicted

Actual Positive Negative

Positive
TP: 449 

(18.4%)

FN: 251 

(10.3%)

Negative
FP: 98 

(4.0%)

TN: 1642 

(67.3%)

PR-AUC 0.83

AUROC 0.95

Brier

(replay aggregate)
0.1

ECE

(replay aggregate)
0.07
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Aim: Demonstrate an approach that outputs demolition risk of 
residential homes using façade imagery for survey address review

Acquire façade imagery of residential demolitions
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Train model on image + mask data to learn demolition
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Considerations

Privacy

Imagery sourcing, licensing, and limitations
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Model: Where do we go from here?

Expand predictions to more cities and shorter timescales:

• 24-month, 12-month, 6-month

More prediction outputs:

• Residential vs. Commercial

• Number of dwelling units

• Building feature analysis
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Use Cases: Where do we go from here?

Implementations:

• Occupied or abandoned residences

• Rate of new-home construction

• Types of dwelling unit (single-family, multi-family, mixed-use)

• How many people live in a dwelling unit

• Residential blight rate

• Neighborhood health

• Housing trends

• …!
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LinkedIn: in/samuel-alter

samuel.alter@tbmus.com

LinkedIn: in/taylorjameswilson

taylor.wilson@revealgc.com

LinkedIn: in/yezzi-lee

angi.lee@revealgc.com

LinkedIn: in/hectorferronato

hector.ferronato@revealgc.com

RevealGC.com
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Methodology – 4. ConvNeXt Model

Input 5-channel sequence of images:

3-channel image (RGB) and 2-channel mask (Façade + Lot)
4x5x224x224
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Methodology – 4. ConvNeXt Model

4-stage ConvNeXt Spatial Encoder:

Extract abstract features while downsampling resolution 
4x224x224x5 →→ 4x7x7x1024
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Methodology – 4. ConvNeXt Model

Global Average Pooling:

Summarizes each image into a single vector 
4x7x7x1024 → 4x1x1x1024
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Methodology – 4. ConvNeXt Model

Temporal Metadata:
days_since_first

4x1x1x1024 → 4x1x1x512
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Methodology – 4. ConvNeXt Model

Transformer:

Uses self-attention to identify temporal trends
4x1x1x512
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Methodology – 4. ConvNeXt Model

Hazard Head (48-month demolition risk):

Converts summarized temporal features into single probability
4x1x1x512 → 1x1x1x1
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SAM Head Performance

Overall Metrics

test_mean_iou 0.6973

test_iou_facade 0.6863

test_iou_lot 0.4979

n_test_samples 102

Metrics – Façade

Precision 82.15%

Recall 78.75%

F1 80.42%

Overall Metrics – Lot

Precision 61.51%

Recall 84.83%

F1 71.31%

Metrics – Lot

Precision 61.51%

Recall 84.83%

F1 71.31%
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SAM Head Performance – Low IoU
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Ground Truth (i.e., Human-labeled) SAM Head Output (i.e., Machine-labeled)



127

SAM Head Performance – Low IoU

Ground Truth (i.e., Human-labeled) SAM Head Output (i.e., Machine-labeled)

Façade and Lot Mask Comparison with Ground-Truth



128

Predicted demo > 48 months
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Predicted demo > 48 months

Address ID = 6033633

• Captures from 2007 to 2019

• Demo date: 2024-02-20

• Days to demolition (from last): 1725

• Model score: 0.597 (<0.7891)

• Post-demo photo unavailable
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• Demo date: 2019-08-16

• Days to demolition (from last): 46

• Model score: 0.572 (<0.7891)
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• Days to demolition (from last): 46

• Model score: 0.572 (<0.7891)

• Post-demo photo: 2022-07-01
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Predicted demo > 48 months


