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ABSTRACT
The curb appeal of a home, which refers to how attractive
it is when viewed from the street, is an important decisionmaking factor for many home buyers. Existing models for automatically estimating the price of a home ignore this factor,
instead focusing exclusively on objective attributes, such as
number of bedrooms, the square footage, and the age. We propose to use street-level imagery of a home, in addition to the
objective attributes, to estimate the price of the home, thereby
quantifying curb appeal. Our method uses deep convolutional
neural networks to extract informative image features. We introduce a large dataset to support an extensive evaluation of
several approaches. We find that using images and objective
attributes together results in more accurate home price estimates than using either in isolation. We also find that representations learned for scene classification tasks are more discriminative for home price estimation than those learned for
other tasks.
Index Terms— image understanding, computational aesthetics, neural networks, image feature representation
1. INTRODUCTION
There is significant interdisciplinary research related to aesthetics of urban spaces and their impact on human behavior.
Perhaps one of the most well-known theories is Wilson’s broken windows theory [1] that suggests if a home or building
has broken windows, then it is highly probable that the neighborhood has high crime, vandalism, and disorder. Conversely
improving lighting and adding sidewalks can reduce crime,
improve health, and increase happiness [2, 3]. We approach
the issue of aesthetics from an economic perspective, focusing on its impact on the monetary value of a property.
The attractiveness of a home’s exterior is colloquially referred to as its curb appeal, a significant factor in a home purchasing decision and, consequently, the value of a home. A
large industry, including contractors, television shows, magazines, and blogs, are devoted to ways to improve curb appeal.
Some examples of changes that can improve curb appeal include lawn care, repainting, adding a pergola, or changing the
mailbox. Figure 1 shows the appearance of two homes before and after exterior renovations. These renovations have

Fig. 1: Appearance provides a strong cue for estimating the
value of a home. The same houses before (top) and after (bottom) renovations to increase their “curb appeal.” Updated architecture, paint, and lawn care are essential for high curb
appeal. (Images courtesy of Houzz.)

arguably increased the curb appeal of the home, which would
likely increase its sale price. This work explores learningbased methods for quantifying the curb appeal of the home,
through estimating its price from street-level imagery.
Our approach differs significantly from previous work on
automatic home price estimation. Existing approaches are
based on a combination of objective attributes, such as the
square footage, the number of bedrooms, and the price of
homes with similar attributes in the area [4, 5]. This means
that they are unable to account for recent changes in the curb
appeal of the home, which a human appraiser would take into
consideration. We propose to use the appearance of a home,
captured by street-level imagery, as a factor in predicting the
fair-cash value of a home. In experiments on a diverse urban area, we find that this results in an average of $2 401, or
6.14%, reduction in error.
The main contributions of this work are: 1) a large-scale
evaluation of applying learned image features to the domain
of understanding home aesthetics, 2) a joint model that incorporates images and metadata to improve home price estimation, and 3) an extensive evaluation demonstrating our joint

model outperforms independent metadata and image models.
2. RELATED WORK
Our work introduces a novel method for using imagery to understand homes in an urban area and is a special case of image
attribute estimation. The remainder of this section provides an
overview of work in these two areas.
2.1. Estimating Image Attributes
Early work on estimating image attributes of scenes, which
are visible semantically meaningful properties, include the
works of Patterson et al. [6], Su et al. [7], and Parikh et al. [8].
These early works relied on BoW models and semantic segmentation to learn semantic attributes. More recently Zhou
et al. [9, 10] have leveraged recent advances in convolutional
neural networks to create benchmark datasets useful for improving the task of scene classification. Once a scene can be
classified into a number of categories, that information can be
used as prior knowledge towards higher-level attribute estimation. Laffont et al. [11] estimate a set of contextual attributes
related to weather and seasons from outdoor images and apply
appearance transfer to effectively synthesize weather effects
on other outdoor images. Glasner et al. [12] learn a temperature attribute to transform a camera into a crude temperature sensor. Our work extends previous works of learning attributes for outdoor scenes by estimating the attribute of curb
appeal.

Fig. 2: Images from our dataset, showing the diversity of architectural styles, landscaping, and lighting conditions.
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2.2. Using Imagery to Understand Urban Areas
Recently there has been an increased interest in applying
computer vision techniques to learn attributes for understanding urban areas. The most heavily researched attribute in
this research subject is automatically assessing the safety of
a region [13, 14, 15]. Porzi et al. [16] leverage the power
and speed of convolutional neural networks (CNNs) to rank
safety in an end-to-end manner from Google Street View images. Other recent works have learned how certain aspects of
cities, such as their architecture [17] and architectural evolution [18], can be used as cues for city recognition. Salesses
et al. [19] and Quercia et al. [20] have successfully estimated
attributes of wealth and beauty of a city based on images
obtained from Google Street View and social media. Our
work takes a similar approach, but with a more specific focus;
we quantify curb appeal and use it to improve our ability to
estimate the price of a home.
3. DATASET
We constructed a dataset of publicly available residential
housing data from the Fayette County Property Valuation
Administrator (PVA) [21]. Each record in the dataset has

Fig. 3: The distribution of homes in our dataset with respect
to four different attributes.

15 metadata attributes including fair-cash value, number of
bedrooms/bathrooms, and year built. We use the fair-cash
value, which is determined by a human appraiser, as the price
of the home. Each home also has at least one front-facing
640 × 480 image captured by an appraiser. Figure 2 shows
example images from our dataset. These images are captured
at varying angles and weather conditions.
There are a small quantity of houses that are outliers in
terms of price. We alleviate this by thresholding for price and
keeping all homes valued at $400 000 or less. After filtering, our final dataset contains 83 140 records. Histograms of
several objective attributes are visualized in Figure 3. The
home prices have mean µ = $154 829 and standard deviation
σ = $76 082.

4. METHODS
We propose a novel method that accounts for curb appeal by
jointly using metadata and image features to predict the value
of a home. We compare with two baseline methods that directly predict the price, one that uses only metadata features
and one that uses only image features. We generate price prediction models using three regression techniques: linear regression, ridge regression, and random forest regression. The
notation, P (x), refers to a price prediction model, given some
input data, x. The following subsections describe the features
used to construct each price prediction model. Evaluation results are presented in Section 5.
4.1. Home Prices using Metadata
In our metadata-only model, P (M ), we ignore the available
image data and directly predict the price of a home from
its objective attributes. We search all possible subsets of attributes and fit linear regression models to predict price. We
select the optimal model with dimensionality eight that maximizes the R2 score because including additional attributes
does not significantly reduce the error. This model uses the
following attributes: the number of acres, bedrooms, bathrooms, year built, residential square footage, total fixtures,
basement size, and garage size. These eight objective attributes are used as our metadata feature representation in all
experiments. Each attribute is scaled to have mean µ = 0 and
variance σ 2 = 1 and a metadata-only model is learned for
each of the three regressors.
4.2. Home Prices using Images
Our image-only model, P (I), ignores the metadata attributes
and predicts the price of the home using only an exterior photograph. We investigate a variety of feature representations
extracted from CNNs, which have recently been shown [15,
22] to perform better than hand-crafted features. Since our
images are outdoor, lighting factors such as the sun, shadows,
and seasonal changes strongly affect the image appearance.
Therefore, it is imperative that our visual features be invariant
to lighting and weather conditions. Motivated by this, we perform a large-scale evaluation of existing CNN architectures
to find a feature representation optimal for predicting price.
Using each of the three regressors, we learn models using a
variety of image features and select the features that minimize
the root mean squared error. The evaluation for selecting the
best image features is described in Section 5.2.
4.3. Home Prices using Metadata and Images
Our proposed model, P (M ) + C(I), combines metadata attributes and image features to predict the price of the home.
This model estimates the home price using two components:
the predicted home price and the curb appeal modifier. The

Table 1: RMSE (in U.S. Dollars) for each price prediction
model. The best result for each column is bolded. Lower is
better.

P (M )
P (I)
P (M ) + C(I)

Linear

Ridge

$37 058
$53 575
$34 538

$37 127
$53 565
$34 606

Random
Forest
$29 365
$53 727
$28 281

metadata-only model, P (M ), defined in Section 4.1 is used
to directly predict the home price. The image features used
in the image-only model in Section 4.2 to directly predict the
price now predict the curb appeal modifier, C(I), which adjusts the predicted home price, positively or negatively, based
on its curb appeal.
5. EVALUATION
We present a quantitative and qualitative evaluation of the
proposed methods using the dataset described in Section 3.
We uniformly at random select 80% of the homes as a training
set, reserving the rest for testing. Qualitative results are presented for the top-performing model, showing homes whose
image had significant impact, both positive and negative, on
the predicted price.
5.1. Implementation Details
Our proposed method is implemented in Python using ScikitLearn [23] for the regressors and Caffe [24] for image feature
extraction. The optimal hyperparameters for each regressor is
learned using hyperopt [25]. Optimization is done by applying 5-fold cross validation on the training set and minimizing
the average root mean squared error. Our source code will be
made available pending publication.
5.2. Image Feature Selection
To find optimal image features for predicting price, we learn
several regression models trained on features extracted from
ten convolutional networks. The networks are trained on
three sets of training data, ImageNet [26], Places [9], and
Places2 [10] using four different architectures, AlexNet [27],
GoogLeNet [28], and VGG-16/VGG-19 [29]. We find that
features extracted from similar network architectures trained
on Places2 and ImageNet significantly differ. Comparing two
random forests to predict price with similar hyperparameters
using VGG-16 FC6 features, one trained on Places2 and the
other trained on ImageNet, Places2 trained image features
reduce the root mean squared error (RMSE) by $6 140 more
than ImageNet features. Similarly, using Places2 FC6 and
FC8 features instead of Places FC6 and FC8 features reduce
the RMSE by $1 848 and $1 636, respectively. Since the
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Fig. 4: Homes where the curb appeal modifier in our joint
model has a strong negative (a) and strong positive (b) impact
on estimated price, respectively.

difference in dimensionality between FC6 and FC8 is greater
than a factor of 10 and FC8 is the layer that corresponds to semantic labels, we prefer to use the FC8 layer. To this end, we
select the FC8 layer of the top performing network architecture, Places2 VGG-16, from which to extract image features.
These features are used as our image feature representation
for all further evaluations.
5.3. Quantitative Results
We report the RMSE for each price estimation model on the
testing set in Table 1. We find that the random forest models achieve the highest performance compared to other tested
regressors. Our joint model using random forests for predicting the price component with metadata and the curb appeal
modifier with image features shows improvement over the
baseline metadata-only and image-only models, achieving a
RMSE of $28 281. This is a relative improvement of 4.0%
over our metadata-only model and 90.0% improvement over
our image-only model using similar regressors. For all regression methods, we observe that incorporating curb appeal into
the price prediction yields more accurate results.
Finding the optimal hyperparameters for ridge regression involves optimizing over α. In the metadata-only model
αM = 44.259 and the image-only model αI = 16.791. The
joint model metadata component uses αM and the curb appeal
modifier uses αC = 83.918. For random forest regression
we optimize over the number of estimators and the minimum
number of features to create a split. P (M ) in uses 794 estimators and considers 4 features for each split. P (I) uses
1188 estimators and considers 167 features for each split. In
the joint model, C(I) uses 522 estimators and 157 features
for each split.
5.4. Influence of Curb Appeal on Price
To better understand how the curb appeal modifier in our joint
model influences estimated price, we explore the relationship
between semantic image labels corresponding to the Places2
VGG-16 FC8 layer and predicted home price. Figure 4 shows

Fig. 5: Mean predicted curb appeal modifier for homes
grouped by semantic label from Places2 FC8 layer.

several homes whose prices are strongly affected by their curb
appeal. The homes in Figure 4a were significantly devalued
by incorporating curb appeal. The opposite effect happens in
Figure 4b, where incorporating curb appeal significantly increased the estimated price. Elements of high curb appeal,
green grass and kempt appearance, are clearly visible in Figure 4b and strongly influence the home’s value.
To further understand semantics, we aggregate the semantic labels from the test set and filter them for predictions that
occurred more than 100 times. For each label, we calculate
the mean predicted curb appeal modifier and show it in Figure 5. Scenes predicted as “yard” and “lawn” add $12 105 and
$5 823 to the price of the home, on average. Similarly, scenes
predicted as “industrial park” and “manufactured home” subtract $7 152 and $3 162 from the price of the home, on average. This further supports the hypothesis that a kempt home
with natural beauty is more valuable.

6. CONCLUSIONS
Overall, we have curated a dataset of home prices along with
their street-level imagery and provided an extensive evaluation of how curb appeal affects property prices. We find
that exterior appearance correlates with the price of a home
and can be used to improve existing metadata-based models.
Practically, these image features can be incorporated at little
cost since CNN inference takes less than a second.
The results we have presented are very promising in
regards to urban understanding. Applications of our work
can be used for automated exterior appraisal, architectural
anomaly detection, and demographic prediction. Our work
opens many avenues of future research towards not only improving price estimation, but also holistically understanding
urban regions.
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