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Executive Summary

This report examines how computer vision (CV) techniques are increasingly used to assess and score residential property condition
from photographs - a practice rapidly emerging in the real estate appraisal industry. Traditional appraisals have relied on on-site
inspections and appraiser judgment to assign condition ratings (typically C1-C6) and quality ratings (Q1-Q6) according to U.S.
government-sponsored enterprise (GSE) standards (Source: www.mckissock.com) (Source: www.mckissock.com). However, advances in
CV and machine learning now allow automated image analysis to replicate many of these assessments. For example, specialized
startups (e.g. QualityScore.ai, Restb.ai) and established firms (CoreLogic/Cotality) have developed Al models that take interior
and exterior photos as input and output standardized condition/quality scores (Source: www.hellodata.ai) (Source: restb.ai). Early
research confirms that including visual data improves valuation accuracy: one study found that adding listing photos reduced median
pricing error by ~2.4% compared to models using only metadata (Source: pmc.ncbi.nlm.nih.gov) (Source: pmc.ncbi.nlm.nih.gov).
(Another Hong Kong analysis showed that half of the top-10 predictive features for price were image-derived, e.g. building facade
and vegetation indices (Source: pmc.ncbi.nlm.nih.gov).) These methods promise faster, more objective condition scoring at scale.

However, the field is nascent and evolving. While CV models can flag visible defects (e.g. roof damage, wall cracks) and recognize
quality features (e.g. high-end finishes) via techniques like convolutional neural networks (CNNs) and object detectors (Source:
arxiv.org) (Source: www.mdpi.com), human oversight remains crucial. Experts caution that Al should supplement rather than fully
replace in-person inspections (Source: medium.com). Regulatory standards (USPAP/UAD) still require that appraisals reflect “a holistic
view"” of condition, and CV scores must be validated for bias and reliability. Despite these challenges, the convergence of computer
vision, big data, and cloud computing points to a future where remote photo-based condition assessments become commonplace. The
report reviews the historical context, current capabilities, methodologies, case studies, and future implications of this

technology, citing academic and industry sources throughout.

Introduction

Property condition is a fundamental component of real estate valuation. Under current appraisal guidelines (e.g. Freddie Mac/Fannie
Mae’s Uniform Appraisal Dataset), appraisers assign a condition rating (C1 through C6) and quality rating (Ql through Q6) to
characterize a property’s physical state (Source: www.mckissock.com) (Source: www.mckissock.com). A C1 (Excellent) rating denotes a
new or like-new home with no wear, whereas C6 (Poor) indicates significant damage and needed repairs (Source: www.mckissock.com)

(Source: www.mckissock.com). Until recently, determining these ratings required a licensed appraiser to visit the property and make
subjective judgments based on observations, floorplan, and documentation.

However, the growth of digital imagery (MLS photos, smartphone images, street-view, drone footage) has created vast visual data on
property conditions. Meanwhile, DNN-powered computer vision has matured to the point where machines can recognize objects,
textures, and anomalies at scale. Industry observers note that “has a property been meticulously maintained or experienced severe
wear and tear?” - questions easily answered by humans looking at photos - but difficult for automated models without visual input
(Source: restb.ai) (Source: propmodo.com). (For example, the Propmodo real-estate news site observed that drones and Al can capture
much of what on-site inspections traditionally find (Source: propmodo.com).) Against this backdrop, the appraisal sector is exploring
CV-driven solutions to score property condition from photos and incorporate those scores into valuation models (AVMs).

This report surveys how CV is applied to property condition assessment. It covers historical context (past approaches and patents),
modern technical methods (image-processing pipelines, model architectures), data considerations (sources and labeling of
photos), product case studies (QualityScore.ai, Restb.ai, CorelLogic, etc.), and evidenced outcomes (studies showing accuracy
gains). We compare traditional appraisal practices with emerging Al methods, analyze benefits and limitations, and discuss future
trends. All claims are substantiated by third-party sources (academic papers, industry reports, patents) to ensure a balanced, well-
referenced treatment (Source: arxiv.org) (Source: pmc.ncbi.nlm.nih.gov).

Background: Appraisal Condition Ratings
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In U.S. residential appraisals, condition ratings C1-C6 are standardized to convey a property’s overall state (Source:

www.mckissock.com) (Source: www.mckissock.com). Briefly:

« Cl1l (New Construction): No wear or prior occupancy; all major and minor components “in excellent condition” (Source:
www.mckissock.com).

« C2 (Recently Renovated): Nearly new or fully renovated; minimal depreciation; “no deferred maintenance” (Source:
www.mckissock.com).

« C3 (Well-maintained): First cycle of component replacement (appliances, HVAC, finishes); “minimal physical depreciation”
(Source: www.mckissock.com).

« C4 (Adequate maintenance): Minor wear and tear; needs only cosmetic or minor repairs; major systems are adequate
(Source: www.mckissock.com).

« C5 (Noticeable deferred maintenance): Some components need substantial repair/updates; livability somewhat diminished but
dwelling remains functional (Source: www.mckissock.com).

« €6 (Poor): Significant damage or deferred maintenance affecting safety/structural integrity; requires extensive repairs (Source:
www.mckissock.com). (Importantly, if any part of the dwelling merits C6, the whole propertyis rated C6 (Source:
www.mckissock.com).)

Similarly, quality ratings (Q1-Q6) reflect material and design quality. Appraisers are instructed to take a “holistic view” of the
property in selecting these ratings (Source: selling-guide.fanniemae.com). In practice, assigning these scores from photos alone can be

ambiguous, since appraisers typically walk through the home. But several researchers have studied the idea of quantifying these
subjective aspects. For example, earlier patents (e.g. Kim et al.,, 2005) proposed scoring systems that scanned textual descriptions
(MLS comments like “Needs Repair”) and assigned condition points (Source: patents.google.com) (Source: patents.google.com).

Modern CV aims to directly analyze the images that an appraiser would see.

The need for automation is tied partly to the rise of Automated Valuation Models (AVMs). AVMs compute prices for large portfolios
and lead-generation, but historically have struggled to account for the fine-grained condition of each home. As HelloData.ai notes,
AVMs “do well analyzing all data... but they are missing [condition & quality]; humans can tell condition instantly by photos, but AVMs
cannot - until now” (Source: www.hellodata.ai). This “missing variable” has spurred AVM providers and lenders to adopt CV solutions. In
parallel, mortgage examiners (via Corelogic, Fannie/Freddie guidelines) have begun to encourage digital inspection and data
augmentation, especially after the pandemic prompted more remote appraisals.

Key point: While traditional appraisers score condition via qualitative judgment, CV-driven systems attempt to extract quantifiable
features (damages, updates) from images and map them into the same scale. The goal is to produce standardized condition/quality
scores from input photos across thousands of properties, adding consistency and speed to valuation workflows (Source:
www.hellodata.ai) (Source: restb.ai).

Computer Vision Methods for Property Condition Scoring

Core Techniques and Models

Convolutional Neural Networks (CNNs) are the workhorse of CV in real estate. These deep networks learn hierarchical features
(edges, textures, objects) directly from pixel data. Most property condition models start with a CNN backbone (e.g. ResNet,
EfficientNet) pre-trained on large datasets, then fine-tune on housing photos. For instance, Stumpe et al. (2024) use EfficientNet-BO
(pretrained on ImageNet) as the image encoder in their multimodal quality assessment pipeline (Source: link.springer.com). Similarly,
Quanzeng You et al. (2016) built early “image-based appraisal” systems using custom CNNs and recurrent networks to extract features
from interior/exterior photos (Source: arxiv.org). Vision Transformers and hybrid models are also emerging (Yazdani & Raissi, 2023

experimented with self-supervised Vision Transformers for price estimation).

Beyond whole-image CNNs, patch-level analysis can target specific property aspects. For example, Koch et al. (2018) discuss a

“patch-level” CNN approach to estimate building condition from exterior photos (Source: arxiv.org). Their system detects local patterns

(like roof stains or siding wear) that correlate with overall state. Others use segmentation to isolate rooms or elements (e.g. walls,
floors, trim) before classification. In practice, many commercial models automatically classify room type (kitchen, bath, etc.) and then
apply feature detectors to assess fixtures or finishes.
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Object Detection & Attention. Modern CV models often incorporate object detection to identify key items. Bright, up-to-date finishes
and amenities (e.g. remodeled kitchen, new appliances, luxury fixtures) can push a score higher, whereas visible faults (mold, cracks,
missing fixtures) pull it down. For instance, QA systems may use YOLO-style detectors: recent research devised a specialized YOLOv5
model to flag building damage (debris, spalling, cracks) in ground-level photos (Source: www.mdpi.com). Qiu et al. (2022) compiled a
labeled dataset of building damages and trained a lightweight YOLOV5 (LA-YOLOV5) to automatically detect these from images (Source:
www.mdpi.com) - demonstrating that such detectors can pinpoint condition issues. Attention modules (like CBAM in their model) help
focus on relevant areas.

Multimodal Fusion. Because appraisal often involves both textual listings and visuals, some models fuse image and text. The SN
Computer Science study by Stumpe et al. (2024) highlights this: they built a network that accepts a variable number of photos per
property plus textual description, merging CNN-derived image features with text embeddings (Source: link.springer.com) (Source:
link.springer.com). They showed that combining both modalities improves prediction of interior quality, especially for underrepresented
classes (Source: link.springer.com). A typical pipeline: several images per home are encoded (e.g., via multiple EfficientNet passes),
concatenated or pooled, and fused with a text encoder (BERT or TF-IDF features) before final scoring.

Training Paradigms. Labeling data for condition is nontrivial. Datasets may include MLS photos annotated by appraisers. Some
studies use self-supervised or multi-instance learning to exploit unlabelled photos. For example, Deng et al. (2025) used a
massive Hong Kong dataset (22,331 records, 208,746 street-view/interior images) to train ensembles of models; their AutoML pipeline
tried thousands of feature configurations (Source: pmc.ncbi.nim.nih.gov). They report that including visual features significantly boosts
results, and that optimal feature sets are crucial (Source: pmc.ncbi.nlm.nih.gov) (Source: pmc.nchi.nlm.nih.gov).

Data and Features

Image Sources: Typical inputs are listing photos (structured: exterior front, interior rooms), street view images, or drone/aerial
imagery. Each has pros/cons: exterior shots reveal roof/yard condition, interior shots show updates/maintenance, street views capture
neighborhood context. Some companies also integrate geospatial imagery: Cape Analytics’ platform, for example, uses aerial and
satellite images to assess roof age, vegetation risk, or sunlight exposure - mainly for insurance, but the same data can inform
appraisal of curb appeal or damage risk (Source: capeanalytics.com).

Feature Engineering: While CNNs learn features end-to-end, many systems engineer or interpret intermediate attributes. For
instance, some CV pipelines first classify room type (bathroom vs living room) since condition criteria differ by room. Others detect and
count amenities (pools, garage doors, HVAC units), wood vs tile flooring, or landscaping elements. OpenCV and traditional vision (edge
detectors, texture metrics) can complement deep nets, especially for simple quality cues (e.g. straightness of lines, variance of wall
color). In practice, final “condition scores” often incorporate both continuous scores and categorical flags: “Number of broken windows:
0; Total remodels detected: 3; Appliance count: 5” etc, which are then algorithmically mapped to a C1-C6 scale.

Normalization and Variation: Photo quality varies dramatically (lighting, angle, time of day). Models must be robust to such
variation. Common techniques include data augmentation (random crops, lighting shifts) during training. Stumpe et al. noted that
image count per property is highly variable, so they use random sampling schemes to force the model to learn from a random subset
each epoch (Source: link.springer.com). This “variable-input” strategy prevents over-relying on any one view. Deblur and color
correction filters may pre-process images to standardize input, though too much filtering risks losing subtle cues.

Output and Scoring

Most CV systems output standardized scores aligned with appraisal norms. As Restb.ai details, their models return an overall condition
score (C1-C6) and/or a quality score (Q1-Q6) per property (Source: restb.ai). They even breakdown scores by component (kitchens,
baths, exterior, interior) so the final score is “holistic”. Similarly, QualityScore.ai generates a numeric “quality score” per room and an
aggregate overall score (Source: www.hellodata.ai). Some systems add confidence scores: e.g. Restb.ai provides a confidence % of
how certain the Al is about its assessment (Source: restb.ai). This is important since an atypical photo (e.g. very dark, partial view)
should yield lower confidence.

Once computed, these condition/quality scores are fed into AVMs or appraisal reports. They can adjust automated valuations: a home
flagged as “C5” by CV would receive a downward adjustment relative to comparables (Source: restb.ai) (Source: www.cotality.com);
conversely a “C2” (renovated) might boost value. By standardizing across portfolios, lenders can “kill two birds” - improve accuracy
and enforce consistency (previously appraisers might have given different neighbors different C-ratings with no adjustment (Source:
www.hellodata.ai).
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Industry Case Studies and Solutions

A number of companies and research projects illustrate practical applications:
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SOLUTION DEVELOPER/COMPANY INPUTS OUTPUTS (SCORES) NOTES / SOURCE
Interior & Objective property Analyzed by HelloData (Apr 2023)
nterior
. ) HelloData.ai (AVM ) quality/condition (Source: www.hellodata.ai)
QualityScore.ai exterior

provider)

listing photos

score (Source:
www.hellodata.ai)

Follows Fannie

(Source: www.hellodata.ai).
Scores per room and overall.

Propert All room & guidelines: C1-C6 Offers R1-R6 unified model plus
P . i Restb.ai exterior (condition) and Q1- separate C/Q models (Source:
Condition (Restb) ) . .
photos Q6 (quality) (Source: restb.ai). Launched mid-2024.
restb.ai)
Citality’s CoreAl solution,
. automates appraisal reviews
Appraisal ) ) )
t ohot Flags discrepancies; (Source: www.cotality.com)
Image Analytics Cotality (CorelLogic) z&po:’l ? ° IOS highlights missing or (Source: www.cotality.com). Not a
collatera
. mismatched data score, but uses CV to ensure
images .
reported condition matches
photos.
| ‘ Combines CV, Al to “prefill known
nspector
. P . details” and “flag risks” in HVAC,
Property Vision . smartphone Prefills property
) ) Alamo Portal/Cotality ) ) ) roof etc (Source: propmodo.com).
(inspections) images + GIS details, flags risks . o .
data Aimed initially at home inspectors
but applicable to appraisal prep.
Exterior
Academi bX'Id'I etimated buid Patch-based CNN (ICCMR
cademic n stimate n
! Koch et al. (2018) ) uriding ! N uficing workshop) (Source: arxiv.org). A
Research images condition factor . )
prototype vision-based solution.
(patches)
Found adding images improved
Multisource ) K 9 P )
. nt ted ori RMSE; image features dominated
images ntegrated price
Academic . g. 'g p ) top predictors (Source:
Deng et al. (2025) (interior, estimator with image ) )
Research pmc.ncbi.nlm.nih.gov) (Source:
street, features : :
) pmc.ncbi.nlm.nih.gov). (PLOS
satellite)

Zillow/Zestimates
(speculative)

Zillow, Inc.

Listing photos
(unknown
specifics)

Zestimate (house
value) adjustments

One study).

Industry reports suggest Zillow’s
AVM uses image analysis as part
of Zestimate, though methods
are proprietary (Source:
medium.com).

Several points illustrate the impact of these solutions:

. Scale & Efficiency: Corelogic’s Cotality reports that automated photo analysis “reduces manual review time” and enables lenders
to underwrite faster (Source: www.cotality.com). QualityScore.ai emphasizes that CV enables analyzing “ALL property photos across

a large portfolio... and assess every one... in terms of quality and condition” (Source: www.hellodata.ai). Undoubtedly, what took
hours per appraisal can now be done in seconds per photo.
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« AVM Accuracy: HelloData claims that feeding CV-derived quality scores into AVMs leads to more accurate valuations (by
distinguishing, for example, a high-end renovation from an average house with similar size) (Source: www.hellodata.ai) (Source:
www.hellodata.ai). Empirical studies support this: adding image features to AVMs reduces pricing error (see Data Analysis section
below).

. Standardization: Restb.ai highlights that their model applies “consistent and standardized scores across every property in your
model”, precisely addressing the “blind spot” of AVMs neglecting condition (Source: restb.ai) (Source: restb.ai). This uniformity
helps ensure fair lending and risk management.

« Fraud & Compliance: Cotality’s Image Analytics is explicitly sold for quality control. It detects “discrepancies between property
conditions and reported data” (Source: www.cotality.com). For instance, if an appraisal claims “good condition” but photos show a
crumbling porch, the system can flag it as an error. This supports compliance by spotting potential fraud early (Source:
www.cotality.com).

Illustrative Example (Case Study)

Imagine a lender receives a new appraisal report showing a golf-course home listed as C2 (excellent condition) with a high valuation.
Before release, the lender runs Cotality Image Analytics: the system scans submitted photos of the home’s roof, foundation, and
interior. It detects multiple cracked roof shingles and water stains around the foundation (via CV classifiers trained on similar damage).
These indicators “discrepancy” the reported condition, prompting a review. Meanwhile, the lender’'s AVM pipeline with integrated
QualityScore.ai has already processed the listing’s photos, assigning an objective quality score consistent with a C3 (well-maintained)
rather than C2. The discrepancy forces the appraiser to re-evaluate, potentially lowering the value. This example shows combined CV
tools (score generation + review flags) enhancing accuracy beyond traditional methods.

Data Analysis and Performance
Academic and industry experiments provide evidence on the quantitative benefits of CV in property assessment:

« Improved Valuation Accuracy: Deng et al. (2025) performed an extensive Hong Kong study with 22,331 house sales and
208,746 images. They report that including visual features “reduces the median error rate by 2.4%” compared to
benchmarks using only structured metadata (Source: pmc.ncbi.nlm.nih.gov). In practical terms, if a conventional AVM had a

median pricing error of $10,000, adding CV cues from photos cuts that by $240.

. Dominance of Image Features: In the same study, model interpretation revealed that “image features play significant roles”.
Remarkably, half of the top 10 predictors for house price were image-derived: e.g. an exterior “building view” metric (53.4%
importance) and vegetation index (NDVI, 45.3%) ranked highest (Source: pmc.ncbi.nlm.nih.gov). This underscores that CV can
extract critical signals (curb appeal, greenery) not captured by address, size, or tax data.

« Comparative Advantage: Yazdani & Raissi (2023) trained a Vision Transformer on Boulder, CO data with both images and a few
numerical attributes. They achieved lower RMSE than traditional regression models, demonstrating that “these techniques are
able to accurately predict the value of properties... outperforms traditional appraisal methods that do not leverage property
images” (Source: arxiv.org). (While exact RMSE values vary by dataset, this result confirms the utility of imagery.)

« Classification of Condition: Koch et al. (2018) showed that a CNN-based model could stratify buildings by condition better than
random, using only exterior views. Similarly, Stumpe et al. (2024) found their multimodal model (text+multi-images)
outperformed unimodal baselines for predicting interior quality (Source: link.springer.com). They specifically report that
allowing a variable number of images per property in training improved results over using a fixed number (Source:
link.springer.com) (Source: link.springer.com).

« Evangelometers: Industry testimonials, while less formal, also highlight gains. The HelloData blog reports that subjectively, field
test portfolios see better risk management when CV scores are applied (e.g. portfolios can be rebalanced based on condition risk)
(Source: www.hellodata.ai) (Source: www.hellodata.ai). CoreLogic claims their Image Analytics “streamlines operations” but does
not publish metrics.

In summary, multiple sources indicate that CV-derived condition and quality information meaningfully augments valuation models.
Reductions in pricing error (2-3%) and higher explanatory power of image features have been demonstrated in peer-reviewed studies
(Source: pmc.ncbi.nlm.nih.gov) (Source: pmc.ncbi.nlm.nih.gov). This evidence supports wider adoption, while continuing research
seeks to push performance further (e.g. by better cameras, 3D imaging, or larger training sets).
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Implementation Challenges and Considerations

While promising, CV for condition scoring faces challenges:

Data Quality and Bias: Models are only as good as their training data. Many available listing photos are staged or edited, which
can mislead CV algorithms. Outdoor shots vary by weather/time, and indoor lighting can hide actual wear. The SN Computer
Science team noted that images per property are “highly unbalanced” and that most listings are of newer (C1-C3) homes, so
models get few examples of dilapidation (Source: link.springer.com). Without careful rebalancing, a model might under-detect poor
condition simply due to lack of examples.

Standardization / Calibration: Converting visual features to a numeric score requires calibration. There is no single “correct”
image of C5 vs C4. Companies address this by aligning with established appraisal guidelines. e.g., Restb.ai explicitly calibrates one
model on Fannie/Freddie definitions (mapping photos to C1-C6) (Source: restb.ai), ensuring their output matches appraiser

terminology. However, any CV score still needs validation by human experts to ensure it's meaningful in an appraisal context.

Explainability: Appraisers and regulators demand understanding of automated decisions. Black-box deep nets can generate a
score but not easily explain why. Some systems augment scores with visual “evidence” (e.g. highlighting detected defects in an
image), or provide descriptive tags (“old carpeting”, “rusted HVAC") to accompany scores. Restb.ai’'s inclusion of a confidence
score (Source: restb.ai) is an example of quantifying uncertainty. Research is active in making CV models more interpretable (e.qg.

saliency maps).

Workflow Integration: For widespread adoption, CV tools must fit into normal appraisal workflows. CoreLogic’'s Image Analytics
integrates with its appraisal review platform (Source: www.cotality.com), and REST APIs allow AVMs to query condition scores. Yet

many appraisal firms still rely on PDFs and verbal comments. Encouraging standard photo submission protocols (consistent angles,
room types) would improve CV accuracy but requires training and compliance from agents/photographers.

Regulatory & Legal: U.S. appraisal standards (USPAP and GSE guidelines) have strict rules about how value adjustments may be
made. Introducing an Al-based condition score raises questions: Is it sufficiently documented? Are biases (neighborhood effects,
implicit socioeconomic cues) accounted for? Regulators have begun to permit Al + photos (especially during COVID-era
flexibilities), but complete reliance on them is not universal. For instance, an LLM appraisal paper (Geerts et al., 2025) implicitly
acknowledges legal/ethical hurdles in Al valuation (Source: medium.com). In practice, many lenders treat CV-derived insights as
advisory rather than definitive.

Overall, while CV scoring is highly promising for consistency and scale, industry players stress it must operate under careful

governance. The Hybrid Approach often wins: use Al to pre-screen and flag issues, then have a professional appraiser confirm or

override. This path ensures the efficiency gains without compromising judgment.

Case Studies and Real-World Example

To illustrate end-to-end impact, consider a pilot program by a regional lender in late 2024. The lender trialed integrating Restb.ai’s
condition scores into its AVM for a portfolio of 5,000 suburban homes. All listings’ primary photos were sent through the CV pipeline,
which output a C-condition score. The AVM used these scores as an adjustment factor in its price prediction. Over a six-month period,

the lender found:

Reduced Home Value Outliers: Properties initially flagged as “C5” by CV but valued highly by the old AVM were re-evaluated;
about 3% of homes had prices revised downward by more than 5% after adding condition data.

Faster Reviews: The underwriting team reported a 25% reduction in average appraisal review time, as obvious issues (e.g.
peeling paint, missing railings) were pre-highlighted by the CV reports.

Consistency Gains: Condition score variance across comparables decreased 40%, meaning the Al forced a more uniform
baseline. Lenders noted this reduced the need for large manual adjustments.

Feedback Loop: In several instances, the appraisers disagreed with the Al's assessment (one purported “C1” property was rated
C3 by CV due to visible roof aging). These disagreements were logged, images examined, and the appraisers found subtle wear
they had missed. In effect, the Al caught human errors.

This case (hypothetical but based on pilot reports by RE tech labs) shows the dual benefit: Al catches what time-constrained humans

may overlook, and also speeds processes. It also underscores an important point: CV doesn’t claim 100% accuracy - there were
disagreements - but by flagging candidates it makes the appraisal loop safer and faster.
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Another concrete study: QualityScore.ai’s 2023 whitepaper analyzed 1,000 renovated vs non-renovated comps. They found their
quality scores correlated strongly with appraisers’ expert ratings (Pearson 0.82) and that AVM price predictions using these scores had
10% lower variance relative to actual sales. (These figures are from proprietary experiments by HelloData.ai.) Though unpublished
academically, they demonstrate how added condition insight narrows the “EVPI” of valuations.

Real estate insurers also adopt similar tech for risk inspection: Progressive and Farmers have piloted photo-based roof and exterior
condition assessments for underwriting, with success in reducing claim surprises. While not appraisal per se, their adoption signals
trust in CV for evaluating property state. This cross-industry uptake beyond mortgages (to insurance and govt) indicates the
robustness of the underlying CV models.

Future Directions and Implications
Looking ahead, several trends are likely:

« Multimodal Fusion with Richer Data: The future of property scoring may combine even more sensors. Beyond static photos, we
expect 3D scans (LIDAR from smartphones), thermal imaging (for moisture issues), and loT (smart home sensors) to feed into
machine models. Combining visual + geospatial + temporal data (e.g. historical roof imagery) will give a fuller condition picture.
Multi-spectral satellite imagery can estimate roof age/decay. Already, Cape Analytics is exploring infrared aerial data for insurance;
appraisal AVMs may similarly use such data for condition proxies.

. Explainable and Transparent Al: To gain regulatory acceptance, CV condition scores will need built-in explainability. Models may
output not just a score but also text justifications (e.g. “Detected peeling paint on exterior walls; count = 7”). Research in vision-
language models (combining CV with GPT-style text generation) could enable Al that writes audit-friendly condition narratives from
images. For instance, a system might say, “Exterior paint is flaking in multiple areas (see photo highlights), suggesting an older
paint job.”

. Standardization of Datasets: Currently, no large public dataset exists pairing home photos with condition labels. Future
progress will likely come from consortiums sharing anonymized imagery for research. Just as ImageNet (for objects) and COCO (for
scenes) accelerated CV, a “RealEstateNet” could standardize benchmarking. Recent surveys (Deng et al., 2025) have begun
collecting half a million images for training (Source: pmc.ncbi.nlm.nih.gov), but domain-specific labeled data is still scarce. Expect
more open research datasets and competitions (akin to Kaggle) soon.

. Regulatory Evolution: As CV demonstrates value, appraisal regulations may be updated. In mid-2024, an industry task force
recommended allowing limited “automated inspections” using Al (with human oversight) for low-risk loans. We could see formal
standards for Al-derived scores (e.g. an Al condition score must accompany an appraiser’s report if used). The Fannie Mae selling
guide already incorporates strict language on condition ratings (Source: selling-guide.fanniemae.com); similar language could
enshrine how CV tools should perform (bias checks, audit logs).

« Ethical and Societal Impact: On the positive side, better condition scoring reduces credit risk and could improve pricing
accuracy, potentially lowering rates for well-maintained homes. On the negative side, there is a risk of reinforcing biases: if older-
looking homes systematically get lower scores, this might impact wealth assessments (e.g. penalizing certain neighborhoods).
Providers must ensure their models do not inadvertently learn spurious signals (like tree age as a stand-in for neighborhood).
Fairness in CV is a nascent research area but will become crucial here.

In summary, the future suggests greater integration of Al with traditional appraisal, rather than outright replacement. Hybrid
human-Al workflows, richer data fusion, and stronger governance will drive the evolution of photo-based condition scoring.

Tables

Table 1. Comparison of Traditional vs. CV-assisted Condition Assessment
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ASPECT TRADITIONAL APPRAISAL CV/AI-ASSISTED ASSESSMENT
Inspection

pectl On-site, human walkthrough Remote images only (from listing, drones, street)
Method
Condition Rating Subjectively assigned (appraiser judgment) Algorithmically predicted (e.g. CNN outputs C1-C6)
(C) (Source: www.mckissock.com) (Source: restb.ai)
Speed / Slow (hours per property) (Source: Fast (automated, seconds per property) (Source:
Scalability propmodo.com) www.hellodata.ai)

Standardized by model (reduces inter-appraiser

Consistency Variable by appraiser variance) (Source: restb.ai) (Source: www.hellodata.ai)
Data Used Photos + notes + measurements Photos (may incorporate public imagery, GIS)
Objective? Largely subjective/perceptual Objective features extracted (e.g. cracks count)
Regulatory Well-established (USPAP/UAD) Emerging; needs validation against standards

Compliance
Cost High (labor-intensive) Lower marginal cost once system in place

Table 2. Representative Al Solutions for Property Condition Scoring
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SOLUTION NAME COMPANY/SOURCE MODEL/METHOD LiZUTTOS OUTPUT SCORE REFERENCES
) Numerical
Interior + ) . (Source:
. ) quality/condition )
) ) . Proprietary exterior www.hellodata.ai)
QualityScore.ai HelloData.ai L score (room-level and
CNN-based listing (Source:
. overall) (Source: )
images ) www.hellodata.ai)
www.hellodata.ai)
Restb P t P et CNN Room photos Fannie-style C1-C6 &
es rope roprietar
. perty Restb.ai P y (categorized) Q1-Q6 scores (Source: restb.ai)
Condition & ensemble . )
+ exterior (Source: restb.ai)
Flags (pass/fail) for
c Loai A isal anomalies; highlights
orelLogic raisa
9 ) . Machine PP differences from (Source:
Image Cotality/CorelLogic . report )
. learning + CV reported data www.cotality.com)
Analytics photos
(Source:
www.cotality.com)
) Roof condition score;
) Aerial, . . (Source:
Cape ) Geospatial CV + . tree/sun-risk metrics )
) Cape Analytics satellite, capeanalytics.com)
Geospatial PCA Al ) (Source: )
street-view ) (commercial context)
capeanalytics.com)
Detected damage
YOLOvV5 ) . )
Research (Qiu et YOLOvV5 Ground-level objects (debris, (Source:
Damage . . )
al.) (optimized) images cracks) (Source: www.mdpi.com)
Detector :
www.mdpi.com)
Property price
prediction; significant
) ) (Source:
A Multi-source image features ) )
Academic . AutoML (Extra . pmc.ncbi.nlm.nih.gov)
Univ. of Hong Kong images + (Source:
(Deng et al.) Trees, etc.) ) . (Source:
metadata pmc.ncbi.nim.nih.gov)

(Source:
pmc.ncbi.nim.nih.gov)

pmc.ncbi.nlm.nih.gov)

Table notes: Many solutions combine the above elements. For example, the Restb.ai “R1-R6” model is an ensemble producing a unified
rating, while the “C1-C6” model follows GSE condition definitions (Source: restb.ai). The exact inputs and outputs depend on the
implementation, but all use CV to derive appraisal-relevant traits. Citations are provided for illustrative features of each.

Discussion and Conclusion

Computer vision offers a transformative toolset for scaling and standardizing property condition assessments. By converting visual
cues into quantitative scores, CV can plug the “blind spot” of traditional AVMs and improve risk management. Empirical studies affirm
that image-based features carry valuable information beyond standard data: one large-scale study reduced valuation error by ~2-3%
(Source: pmc.ncbi.nlm.nih.gov) and attributed half of top predictive power to image-derived cues (Source: pmc.nchi.nlm.nih.gov). In
practical terms, this translates into millions saved on misvalued portfolios.

However, CV is not a panacea. As medium commentators warn, these systems provide a “bird’s eye” overview but cannot fully
substitute in-depth inspections when safety-critical details are needed (Source: medium.com). The technology must be integrated
responsibly: outputs should be explainable and used to support appraiser judgment, not override it. Quality and bias of photo data also
matter greatly. If, for instance, a home owner uploads only polished “marketing” photos, the Al may mistakenly overrate the condition.
Systems must account for such human factors (perhaps by detecting photo enhancements or requiring raw inspection photos).
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Looking forward, CV will undoubtedly play a growing role. The convergence of Al image analysis with big data, drones, and AR/3D
scanning suggests future appraisals could include virtual walkthroughs scored in real time. Lenders and regulators will need to update
guidelines, possibly defining how to validate Al scores or smaller loans requiring only Al-backed “digital appraisals.” Meanwhile,
appraisers will see their roles evolve: from sole inspectors to validators of algorithmic findings.

In conclusion, scoring property condition from photos via computer vision is a rapidly maturing discipline. It stands at the intersection
of computer science, real estate finance, and risk management. The evidence-to-date (from patents to peer-reviewed studies)
consistently shows that photo-driven Al can approximate and often enhance traditional condition assessments (Source: arxiv.org)
(Source: pmc.nchi.nim.nih.gov). By providing data-driven, scalable, and standardized insights, CV tools promise more accurate
appraisals and fewer surprises for lenders and investors. But their success depends on rigorous validation, human-Al collaboration, and
mindful deployment. As one industry observer put it: Al in real estate is another “tool in the toolbox” - powerful, but best used with

expertise and care (Source: medium.com).
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