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Abstract

In this research, we build a series of deep learning models to predict the art auction
price given numeric features and the images of the artworks from the last 10 years.
We trained multilayer perception (MLP) model using only numerical data and
several CNN models using only images. The best result is achieved when fused
model is used based on both image and numerical data.

1 Introduction

Traditionally, the art market has been considered inaccessible for laypeople. Recent technological
advances made gigantic amounts of art market data available to the public; however, many still lack
the ability to synthesize the data to understand the market and predict art prices. Therefore, people
still rely on human experts to estimate the value of artwork, which can sometimes be expensive to
attain or subject to the influence of human biases. We would like to provide a deep neural network
model using both numerical/textual data and image data to predict hammer prices at art auctions.
This tool will potentially contribute to the growth of the art market in several ways: (1) prospective
sellers of art will have more access to the pricing of the artwork they own; (2) prospective bidders at
an art auction will readily have an independent appraisal of the painting other than the auctioneer’s
prediction prices; and (3) auction houses can use this tool to predict their profit or loss.
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Figure 1: Examples of images and numerical/textual data

2 Related work

While the art industry has shown some interest in applying deep neural networks in predicting art
auction prices [1], there has been little previous research in this domain. [2] One of the previous
projects in CS230 built a model to predict art auction prices using images of artworks, but could
not overcome the high variance problem. [3] Our project will be the first study that experiments
with different deep neural network models using textual/numerical data along with image data to
provide a tool to predict art auction hammer prices. Although there is little work in art auction,



useful insights can be drawn from research in other domains. Recent studies in art classification used
transfer learning to improve its performance, by fine-tuning pre-trained convolutional neural networks
(CNNs) [4, 5, 6,7]. Similar to our approach, many studies [8, 9, 10, 11] aimed at housing valuation
combined image features extracted from CNNs and numerical features to estimate the house price.

3 Data collection and preprocessing

We created a dataset specifically for this project that consists of image and textual/numerical data (See
Figure 2). Auction data encompassing a ten-year period (2009-2019) was collected from Artprice.com
and Artfacts.net, using a custom-built python crawler. In addition, since the demand and liquidity in
the art market significantly grew over the last ten-year period, we also included Forbes billionaire
index from each year to contextualize the sales prices in our dataset.

We dropped auction data that contains missing values or has pre-sale estimates or hammer prices
lower than $10,000. This process shrunk the size our dataset from 14,705 examples to 7,755 examples.
The output variable, hammer price, is log transformed because it was severely skewed. For the auction
houses’ pre-sale low and high estimates, we use the logged average of the low and the high estimate.
The images were re-sized into two uniform dimensions, 224x224 pixels and 229x229 pixels.

Note that auction houses’ estimates are intentionally left out from the textual/numerical features
because we intend to provide a tool to predict the hammer price independent from the auction houses’
estimates. Neither linear regression model, multilayer perception model, or any of the fused models
use auction houses’ pre-sale estimates.
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Figure 2: Structure of the features Figure 3: Description of dataset

4.1 Baseline model: Linear regression model using textual/numerical data

Our first baseline is multivariate linear regression model using textual/numerical data (hereafter
“Linear”). This model can be understood as a network with no hidden layers, that consists of a single
neuron with no nonlinearity which directly outputs the response.

4.2 Multilayer perception model using textual/numerical data

In our multilayer perception model using textual/numerical data (hereafter “MLP”) includes 11
hidden layers, with 64 neuron units. We use the rectified linear units (ReLU) function for hidden
activations and a linear function for the output activation.



4.3 Convolutional neural network models using image data

We implemented a custom-built convolutional neural network (hereafter “custom CNN”) using a
mixture of Conv2D, batchNormalization, pooling, and dropout layers. We train the custom CNN
model from scratch on our dataset, across various parameters to optimize the performance. We
also applied transfer learning to the pre-trained ImageNet image recognition network ResNet50,
InceptionV3, and VGG-16, by removing the last softmax and dense layer, fixing the remaining layers.
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Figure 4: Model architecture

4.4 Fused model using bimodal data

Lastly, we design a fused model using bimodal data of textual/numerical features and images (See
Figure 4). We concatenate the output of the last fully connected layer of the MLP model and the
CNN models, and feed into the two hidden fully connected layers using ReLU activations followed
by the linear activation output neuron (for the fused model using custom CNN, “MLP+CNN”,
for the fused model using ResNet50, “MLP+ResNet50”, for the fused model using InceptionV3,
“MLP+InceptionV3”, for the fused model using VGG16, “MLP+VGG16”).

4.5 Hyperparameter tuning

Hyperparameters were chosen by maximizing R2 on the test subset. We obtain the highest perfor-
mance with the stochastic gradient descent optimizer (‘“sgd”). We also use kernel regularization
(L2) and activity regularization (L1) for fully connected layers and dropouts for the convolutional
layers during training to help reduce overfitting. For parameter selection, we first tune learning rates
over a log scaled and then conduct a random search in a narrower range to find the best candidates.
We then tune the minibatch size and number of hidden units. The momentum and learning rate
decay were set to 0.99 and 0.01 respectively, since they did not seem to meaningfully affect the
performance.Figure 5a shows that the performance of the MLP+ResNet50 significantly improve after
the hyperparameter tuning. Figure 5b also shows the MLP+ResNet50 using the minibatch size of 128
achieve the highest R2. Table 2 summarizes the test set R2 of the MLP+ResNet50 when tuning the
hyperparameters in the order of learning rate, minibatch size, the number of units in fully connected
layers after the convolutional layers (num units1), and the number of units in fully connected layers
after concatenating the output of the ResNet50 and the output of the MLP (num units2).
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Figure 5a: Improvement of loss and R2 after hyperparameter tuning

1 9 17 25 33 41 49 57 65 73 81 89 97 105113 121 129 137 145

Figure 5b: Validation R? over different batchsizes



s | Tk [ o T [ w Model RVSE &
0.001 128 16 16| o0.4728| | Linear 0.3801 0.4151
0601 g";zz MLP 0.3495 0.4874
0.001 16 16 16| osi23| | CNN 0.682 -0.15
32 0.51441 | ResNet50 0.4529 0.1425
. ool [ nceptionv3 0.511 -0.0356
256 0.4352| | VGG16 0.4705 0.1129
0.001 128 8 16 0.4658
e 0 436 MLP+ CNN 0.329 0.556
32 0.4596 MLP+ ResNet50 0.3189 0.5714
0.001 128 8 12 g-g‘;i; MLP+ InceptionV3 0.336 0.514
w2 0.3054 0.6177
Table 1: Hyperparameter tuning results of Table 2: Results of experiments
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4.6 Loss function and Metrics

We use Root Mean Square Error (RMSE) as our loss function and two standard regression metrics
to report the efficacy of our proposed method in estimating hammer prices: (1) RMSE and (2)
Coefficient of Determination, also known as R2.

5 Results and Discussion

5.1 Results

The Table 2 show the results of the best-performing architecture of each model in RMSE and R2.
The MLP model and the fused model outperform the baseline, while the CNN models using only
images significantly underperform than the baseline linear regression model. ResNet50 achieves best
metrics among models using only images, although its explanatory power is limited. All the models
using bimodal data outperform the models using unimodal data of either textual/numerical data or
image data. The MLP+VGG16 model achieves the best results in both metrics.

Figure 6 shows the scatter-plots between the actual and the predicted log hammer price for various
models, using the best-performing architecture. The result shows clearly that the models using
textual/numerical attributes as one of the inputs achieve much higher correlation than the CNN
models which use only image data.
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Figure 6: Scatterplot of predicted hammer prices

5.2 Comparing with auction house estimates

As explained earlier, our models’ primary aim was to predict art auction hammer prices without
considering auction houses’ estimates. In addition, we wanted to see what value our model can add
after the pre-sale estimations are provided by auction house.



Table 3 shows the results of the regression model with only auction house estimates and adding our
valuation models along with the auction house estimate to the regression model. The bottom row in
column 2-9 show the increase in R2 relative to the model in column (1) scaled by the hammer price
variation unexplained (1-R2) by the benchmark model.

Auction house estimates explain about 93.8The results show that the multilayer perception model and
VGGl 6-transfer learning model and the fused models can help in predicting hammer price outcomes
conditional on pre-sale estimates. From the last column, we can see that adding a fused model of
MLP+VGG16 would explain 3.2% more of variation of hammer price. Since we used the logged
(10) hammer price as our dependent variable, even a slight additional explanatory power might be
translated to a large economic value.
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Table 3: Improvementin predictive power over auction house estimates

5.3 Discussion

The results above show that the fused models utilizing bimodal data of textual/numerical data and
image data outperforms both the models using only textual/numerical data and the models using only
image data. Interestingly, the convolutional neural network models using only images performed
relatively poorly to other types of models. This may suggest that, quite ironically, the visual aspect of
an artwork alone plays an insignificant role in determining the price of an artwork. One caveat is that
our preprocessed image data, which were resized as 224 x 224 pixels, do not include any information
about the artworks’ width, height, or medium (canvas, paper, oil, etc.). If people appreciate the size,
ratio, and medium of the artworks along with its color composition, the image data alone would
provide only part of the information about visual appeal of artworks.

6 Conclusion and future work

In this work, we collected an art auction dataset spanning the last 10 years and propose a model which
estimates the log hammer price from two separate types of input data: textual/numerical features
and images. We find that the model including both types of data performs better than the model
without image features. Although the hammer price seems to strongly correlate with the auction
house pre-sale estimates, our bimodal models help explain the additional variance of hammer prices.

Additional research is also needed to improve the transfer learning of pretrained convolutional neural
networks and to visually explain the convolutional neural network part of the model. For example,
with more resources, we could train some of the last convolutional layers of pretrained network or
extract feature vector from an earlier convolutional layer in the pretrained networks. Moreover, using
visual explanation methods such as Grad-CAM [12] and DeepLift [13] to identify the regions of the
image that gets activated for higher or lower hammer prices.

7 Contribution

The authors had equal contribution, working together for data-collection, developing and training
models, and preparing for the report, poster, and presentation.



8 Code

The code for our model can be viewed and downloaded from Github using the following link:
https://gist.github.com/pakejin/1c801877e744242a9b8e5decalalcS7e
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