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Abstract. Deep learning has been widely applied in the regression prob-
lem. However, little work addressed both visual and textual features in
one unit frame. In this paper, we are the first to consider the deep feature,
shallow convolutional neural network (CNN) feature, and textual feature
in one unit deep neural network. Specifically, we propose a mixing deep
visual and textual features model (MVTs) to combine all three features
in one architecture, which enables the model to predict the house price.
To train our model, we also collected large scale data from Los Angeles
of California state, USA, which contains both visual images and textual
attributes of 1000 houses. Extensive experiments show that our model
achieves higher performance than state of the art.

Keywords: Deep feature, Textual feature, Convolutional neural net-
work, House price prediction

1 Introduction

In recent years, the real estate market continuously attracts attentions of govern-
ment and public. The real estate industry gradually becomes an essential pillar
of national economy in each country and a necessary part in the development
of federal and local economies [1]. Although it has made a great contribution
to the growth of economy, it also brings lots of issues, such as, the high-speed
rising of housing prices has made many low-income groups in a dilemma since
they cannot afford it, and the contradiction between the rich and the poor be-
comes increasingly prominent. Housing price becomes the focus of various social
problems, and it can threaten the sustainable development of society. Moreover,
the oscillation of house prices not only affects the value of asset portfolio for
most households but also affects the profitability of financial institutions and
the surroundings of financial system [2]. The house renovation and construction
can also cause difficulty for householder.

The prediction of house price is beneficial for individual investors and they
can more intuitively analyze the real estate market. More importantly, it can
help the government to regulate the real estate market reasonably and make the
house price more reasonable and the development of the real estate market more
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stable. Therefore, it is important and necessary to predict the house price with
high accuracy.

However, due to the low liquidity and heterogeneity of the real estate market
from both physical and geographical perspective, and there are many factors that
can affect the house price, they bring great challenges of house price prediction.
Although previous studies analyzed the relationship among social, economic, de-
mographic changes and characteristic house prices, quantifying such a correlation
is not enough to accurately estimate or predict house prices [3,/4]. In addition,
most previous work focused on textual features of house price prediction [5.(6].
Although Ahmed et al. 2016 first combined the visual and textual features, they
have a limited sample size and less textual attributes [2].

In this paper, we address these challenges within one unit deep neural network
frame. Specifically, we address the house price prediction issue through consid-
ering both deep visual and textual features with exploring several pre-trained
deep neural networks.

Our contributions are three-fold:

— We provide a large scale house price prediction dataset, it combines deep
visual and ten textual features. The dataset can be of significant value in
future research for the community.

— We are the first to propose one unit deep neural network to consider the deep
feature, shallow CNN feature, and textual feature. The designed architecture
can output the house price with less mean absolute percentage error.

— We are the first to propose a novel absolute mean discrepancy loss to insure
that mean predicted price closes to actual mean house price.

Extensive experiments on competitive benchmark housing datasets show that
ResNet50 is the best neural network for feature extraction in house price pre-
diction problem.

2 Related work

House price prediction is a regression problem that aims to output house price
given either visual or textual features as input. In the past decade, many methods
are proposed for regression problem, such as support vector regression (SVR) |2,
7,8], time-series forecasting [9L|10], artificial neural network [11}/12], deep neural
networks [13H15], etc.

There are also many studies addressed house price prediction problem. Lim-
sombunchai et al. proposed an artificial neural network (ANN) to predict house
prices using 200 house information in Christchurch, New Zealand, and they found
that their ANN model significantly improved its predictive power than Hedonic
price model |11]. Khamis et al. compared the performance between the multiple
linear regression (MLR) model and neural network (NN) model for predicting
the house price. They concluded that the prediction of the house price in the NN
model is closer to the ground truth, comparing with the MLR model. Neverthe-
less, there are some limitations in their model. Firstly, the used house price is
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not the actual sale price but the estimated price. Secondly, this study considered
only the specific year’s information on the houses and ignored the time effect of
the house price. Finally, the house price could be affected by some other eco-
nomic factors that are not included in the estimation [5]. Ahmed et al. collected
535 sample houses in California, USA, which contained both visual images and
textual features. They compared the NN and support vector machine methods
on the effect of predicting house prices, and they observed that using NN can
achieve better results than SVM model. In addition, they found that compared
to the individual textual features, the combination of both visual and textual
features produced better estimation accuracy. However, they had less training
data, which may lead to overfitting; they also used a lower level feature, which is
from SURF feature extractor, and deeper neural networks can be applied to ex-
tract features |2]. Nguyen identified the four most essential attributes in housing
price prediction across three counties that are assessment, comparable houses’
sold price, listed price, and the number of bathrooms [16]. Varma et al. consid-
ered another seven features that affect house price (area, number of bedrooms,
number of bathrooms, type of flooring, lift availability, parking availability, and
furnishing condition). Differing from the traditional hedonic house price model,
they focused on spatial econometrics and cross-validates the out-of-sample pre-
diction performance of 14 competitive models, which contributes to house price
prediction. Their results indicated that a nonlinear model, which considered the
spatial heterogeneity and flexible nonlinear relationship between a specific indi-
vidual or regional characteristics of a house and its price is the best strategy for
predicting house prices [17]. Wang et al. designed a multilayer feedforward neu-
ral network with a memory resistor, which realized automatic online training.
Memristor weights of the ANN can be adjusted by the BP algorithm to build up
a regression model simultaneously. The neural network is trained and predicted
by using the housing price samples of several cities in Boston, USA, and the
predicted results close to the target data [18]. Gao et al. noted that the location
of the buildings is the most critical attribute that affects the house price, and
they defined and captured a fine-grained location profile powered by a diverse
range of location data sources [19].

However, none of these work addressed both visual and textual features in one
unit deep neural network. First of all, for the visual feature in image regression,
the community focused on feature representation from the hand-crafted features
to the extracted features from the deep pre-trained neural networks. Before the
rise of the convolution neural network, hand-crafted features were well used (e.g.,
SURF |[2]), and since deep features can substantially improve the performance
of domain adaption, they are now widely used in both classification [20,/21] and
regression problem [14415//22]. Secondly, our work include more influential factors
of house price. Furthermore, we investigate both deep visual and textual features
on house price estimation in one unit frame.

The rest of this paper is organized as follows. Sec. [3| describes our collected
house data. Sec. [4] first defines the house price prediction problem and then
describes the proposed network architecture and objective function for solving
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the optimization problem. Sec. [ reports the experimental results. We further
discuss the results in Sec. [l and conclude in Sec. [T

3 Los Angeles housing dataset

We collected house images and their associated attributes from www.zillow.com.
The data consists of 1,000 sample houses from Los Angeles, California state in the
United States. We collected both visual and textual information from houses.
For visual features, we saved most representative images of houses, that each
house has four different views: frontal, bedroom, bathroom, and kitchen. Fig.
shows one house image from four different views.

For textual features, there are nine factors in our collected data (number
of bedrooms, number of bathrooms, area, zip code, year build, year renovation,
house type, parking space, and sun number). Therefore, we have a total of ten
attributes on one house, including the house price. Tab. [1f lists the detailed
information of the collected dataset (mode is reported for Zipcode attribute).

We also extract deep visual features from pre-trained models. Fig. [2] shows
the extracted feature vectors using pre-trained ResNet50 model. It also presents
both visual and textual features of the house.

Fig. 1: One sample house image from (www.zillow.com), it is represented by four
different views: frontal, bathroom, bedroom, and kitchen.

4 Methods

4.1 Problem and notation

For house price prediction, it is a regression problem. Given house data (including
visual images and textual factors) X with its associated house price ); our
ultimate goal is to predict the house price (') by given X, which closes to the
actual house price ), that is to minimize the difference between the )’ and ).


www.zillow.com
www.zillow.com
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Fig.2: Sample features from one house. The top left is the original image, and
top right is the extracted feature from the ResNet50 model, which shows the
frequency of occurrence of features. In the bottom, we list the ten attributes of
house (Area: square ft, and there are five types of the house (0: single family, 1:
townhouse, 2: condo, 3: multi-family, 4: apartment), M: million).

Table 1: Some detailed statistics of Los Angeles housing dataset

Details Minimum Maximum Average

No. bedrooms 1 32 3.52
No. bathrooms 1 12 2.9455
Area (sqft) 528 31520 2211.6
Zipcode 90020 90292 90045 (mode)

Year build 1902 2019 1952.4
Parking space 0 8 2.162
Sun number 22.56 95.75 86.5714
House price ($) 0.2295 M 10.9 M 1.6813 M

4.2 Mixing deep visual and textual features model (MVTs)

The architecture of our proposed MVTs model is shown in Fig. |3 we have three
modules in the model. First of all, we extract deep feature from a pre-trained
ResNet50 model. Second, we design the shallow CNN module to extract the
shallow feature from raw images. Third, we add textual feature, that includes the
number of bedrooms, the number of bathrooms, area, zipcode, year build, year
renovation, house type, parking space, and sun number. We then concatenate
all three modules together to form our MVTs modef’}
Our model minimizes the following objective function:

L(X,Y)=argmin Lp(X, V) +a LA(X,)) (1)

3 Dataset is available at https://github.com/heaventian93/House_Price.
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Fig. 3: The architecture of our proposed mixing deep visual and textual features
for house price prediction. There are three modules in the model: deep feature
module, shallow CNN feature module and textual feature module. In deep fea-
ture module, the feature is obtained from the pre-trained ResNet50 neural net-
work. The shallow CNN feature module directly gets features from raw images
via three repeated blocks. The textual feature module majorly contains two lay-
ers. The model consists of two different loss functions, including mean absolute
percentage error loss and absolute mean discrepancy loss. The mean absolute
percentage error loss measures mean percentage difference between predicted
price and actual house price, and absolute mean discrepancy loss ensures that
the mean predicted price approximates the mean house price.

where L is the mean absolute percentage error loss, £ 4 is the proposed
absolute mean discrepancy loss and « is the balance factor between two loss
functions. Specifically ( = is the mean house price),

A, VA ) Y-y
Lu= g X175 La=1=5-1 2)
i=1 v

In deep feature module, we followed the protocol from [20,21}[23/[24], that all
features are extracted from the last fully connected layer. Thus the final output
of one image becomes one vector 1 x 1000. Feature extraction is implemented via
two steps: (1) rescale the image into different input sizes of pre-trained neural
networks; (2) extract the feature from the last fully connected layer. After feature
extraction, it follows by two repeated blocks. In each block, it has a dense layer
and a “ReLu” activation layer. The units of the dense layer are 1000 and 4,
respectively.

In the shallow CNN feature module, it first includes three repeated blocks,
and each block has four layers: convolutional 2d layer, “ReLu” activation layer,
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batch normalization layer and maxpooling layer. In the convolutional 2d layer,
the kernel size is (3, 3) in all three blocks and the filter size is 16, 32, 64,
respectively. The pool size in maxpooling layer is (2, 2). After a flatten layer,
it then followed by the same block as deep feature module, but the units of the
dense layer are 16 and 4.

In the last textual feature module, the input includes nine factors of the house
price (number of bedrooms, number of bathrooms, area, zipcode, year build, year
renovation, house type, parking space, and sun number). It also followed by the
same block as deep feature module, but the units of the dense layer are 8 and 4
since it has fewer features than the other two modules.

We then concatenate all three modules together, it majorly consists of four
layers: a dense layer with units number of 4, the “ReLu” activation layer, a dense
layer with units number of 1 and finally ends with a “linear” activation layer.
Therefore, it can output the house price in the last layer.

There are three obvious advantages of the proposed mixing deep visual and
textual features (MVTs) model. First of all, we consider the mixing features from
both deep visual and textual features. By contacting all three features, our MV Ts
model can take advantage of all these features and achieve high performance.
In addition, we propose a novel loss function: absolute mean discrepancy loss.
It effectively measures the mean difference between the predicted house price
and real house price. The performance of this loss function is shown in Sec. [6}
Furthermore, the designed Dense and Activation block can successfully leverage
deep visual and textual features to predict the house price without overfitting
problems. If there are more layers added (e.g., repeated Dense, ReLU, Normal-
ization, and Dropout several times), the final error will be first stuck in a global
minimum number and then increased.

5 Results

5.1 Experimental setting

Our experiment is based on Keras and runs on top of TensorFlow. In addition,
our network is trained on a graphics processor NVIDIA Geforce 1080 Ti equipped
with 11Gb of memory on a 16 GB RAM Alienware computer to exploit its
computational speed. The network parameters are set to:

1. Batch size: 32

2. a: 10
3. Iterations: 60

We also randomly split our data into training and testing data, and there are
500 samples in both training and testing stages.

5.2 Performance evaluation

Fig. 4] compares the predicted house prices with the actual house prices. We find
that the predicted house prices close to the actual house prices, which represents
our proposed MVTs is suitable for house price prediction.
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Fig. 4: Two examples of house price prediction. The actual price and predicted
price are labeled in house images (M: million).

To show the effeteness of our proposed MVTs models on house price predic-
tion, we report both the mean absolute percentage error (MAPE) and the mean
square error (MSE) of the testing data (500 samples). MAPE is defined in Eq. |2}
and MSE is measured by Eq. [3] Notice that, the smaller of these two metrics,
the better the performance of the model.

N
_ 4 )2
MSE = N ;(yz yz) 3 (3)

where y; is the actual house price, and y; is predicted house price.

As shown in Tab. [2] it lists the MAPE and MSE of different settings of our
model. We first run each feature individually to predict the house price in testing
data and then report the result of combination of all three features. Across all
three different features, the textual feature achieves a higher performance than
the other two features. Although textual features have fewer features than deep
features, it contains more useful information than just simply the exterior and
interior of a house such as the location and area. Moreover, deep feature has a
better result than shallow CNN feature since the deep neural network is trained
with millions of images. Therefore, we can extract a better feature than the
shallow CNN feature. However, a combination of all three features achieves the
highest performance (lowest MAPE and MSE). We also observe that all four
different variant results are better than the previous SVR model .

Furthermore, MAPE is a better metric than MSE. For shallow CNN fea-
ture and deep feature, the normalized MSE closes to each other, but there is
a significant difference between the two MAPE scores. To further validate this
observation, we show the effectiveness of two metrics in Tab. [3] we find that
the MSE is significantly changed if the data is normalized. However, MAPE still
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keeps similar as before. As shown in Tab. [3] it lists the number of iterations and
time of different data processing. It suggests that normalized the house price
leads to less time, smaller number of iterations and higher performance than the
unnormalized data. Therefore, our MV Ts model will benefit from the normalized
house price.

Table 2: House price results prediction
Deep feature Textual feature Shallow feature = MVTs SVR

MAPE (%) 42.06 20.93 60.77 18.01 72.97
MSE 0.00998 0.00546 0.08012 0.00477 0.1304

Table 3: Iterations and time of different data processing

No. Iterations times (s) MAPE MSE
Unnormalized price 300 2405 34.45 8.87908el1
Normalized price 60 535 18.45 0.003438

5.3 Owur model on Ahmed et al. 2016 housing dataset

To show the applicability of our model, we also test our model using previous
dataset. The housing data is from [2], it consists of 535 house images and we use
75% as training and 25% as the testing. Our model is significantly better than
the SVR model as shown in Tab. @

Table 4: House price prediction results of (2]

MVTs SVR
MAPE (%) 34.29 56.00
MSE (norm.) 0.01734 0.1494

6 Discussion

From above results, our proposed MVTs model is able to predict the house price
with lower MAPE and MSE values, which demonstrate the robustness of our
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model. Also, we compare the effectiveness of two different loss functions in Tab.
we find that the performance of single £ 4 loss is worse than single £, loss since
L 4 only measures that mean average of absolute percentage error. However, the
combination of these two loss functions achieves the highest performance.

Table 5: House price results with different loss functions

L m LA Combination
MAPE (%) 22.10 25.77 18.01
MSE 0.00447 0.00589 0.00477

Table 6: MAPE and MSE of predicted house price with minimizing £, and £ 4 using
sixteen pre-trained neural networks
Task MAPE (%) MSE

SqueezeNet 42.09 0.01005
AlexNet 49.66 0.01095
GoogleNet 51.33 0.00985
ShuffleNet 47.76 0.00943
ResNet18 41.10 0.00884
Vggl6 46.21 0.00869
Vggl9 49.69 0.00942
MobileNetv2 48.18 0.00946
NasnetMobile 48.32 0.00925
ResNet50 40.58 0.00652
ResNet101 43.92 0.00794
DenseNet201 43.89 0.00830
Inceptionv3 45.76 0.00818
Xception 47.13 0.00882
InceptionresNetv2 49.17 0.00851
NasnetLarge 44.14 0.00869

In addition, we explore how different pre-trained models affected the final
results. We examine sixteen well trained models. Specifically, these sixteen neu-
ral networks are Squeezenet [25], Alexnet [26], Googlenet [27], Shufflenet 28],
Resnet18 [29], Veggl6 [30], Vggl9 [30], Mobilenetv2 [31], Nasnetmobile [32],
Resnet50 [29], Resnet101 [29], Densenet201 33|, Inceptionv3 |34], Xception [35],
Inceptionresnetv2 [36], Nasnetlarge [32]. As shown in Tab. [6| and Fig. [f] the
ResNet50 surprisingly achieves higher performance than the other models. We
further explore the relationship between the top-1 accuracy of sixteen pre-trained
neural networks and the MAPE value in Fig. [f] However, we find that the cor-
relation score and R? value are relatively smaller. The smaller of these values,
the correlation is less [15]. Therefore, we cannot observe a significant trend that
how to choose the best pre-trained model via top-1 accuracy. Although we do
not know the underlying mechanisms, ReseNet50 is useful in the house price
prediction problem.
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Fig. 5: Bar plot of MAPE values with extracted features from sixteen pre-trained
models (x-axis is the order of Top-1 accuracy on ImageNet model).

Tab. [2[ shows that the performance of image features (both deep feature and
shallow CNN feature) is significantly lower than the single textual feature. What
causes this problem? Actually, the price of house can be affected by lots of factors
such as the factors in the textual features. Especially, location is one of the most
important factors that affects house prices. However, house images come from
four different views, and it only considers the exterior and interior of a house.
Therefore, we expect the performance of single deep feature and shallow CNN
feature is worse than the single textual feature.

We clearly observe several advantages of our proposed mixing deep visual and
textual features model. First of all, our model considers three different features:
deep feature from the pre-trained model, shallow CNN feature, and textual fea-
ture. Secondly, we propose a novel loss function called absolute mean discrepancy
loss, and it can jointly reduce the difference between predicted house price and
actual house price.

One interesting phenomenon is that we find the performance of our new data
is better than the results of the dataset. One reason is that we collected more
images (1000 samples) with 500 samples in the training stage. The second reason
is that we collected more factors which can affect the house price. We have nine
factors in new house data, while there are only four factors in Ahmed et al. 2016
dataset.

However, our model also has some limitations. Firstly, the lowest MAPE score
of testing data is higher than 18%, which implied that the predicted house price
can be 18% away from the real price. Therefore, our model can still be improved.
Secondly, the MAPE scores of both visual features (deep feature and shallow
CNN feature) are relatively lower. This further indicates the deep architecture
of images needs to be further investigated.
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Fig. 6: Correlation between ImageNet accuracy of sixteen pre-trained models and
MAPE in the house price prediction.

7 Conclusion

In this paper, we are the first to consider both visual and textual features for
house price prediction in one unit architecture. The proposed mixing deep visual
and textual features model shows its robustness in house price prediction. Our
experiments show that aggregating both visual and textual attributes yielded
better prediction results than the deep feature, shallow CNN feature, and tex-
tual feature alone. In addition, ResNet50 is the best pre-train model for feature
extraction in our dataset.
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