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Predicting olfactory perception with an electronic nose can aid in the design and evaluation of olfactory-based experiences. 

We investigate whether the human perception of odours can be predicted outside the bounds of perceived pleasantness and 

semantic descriptors. We tuned an electronic nose to predict an odour's colour in the CIELAB colour space using human 

judgements. This revealed that the crossmodal associations people have towards colours could be predicted. Our electronic 

nose system can predict an odour's colour with a 70 – 81% machine-human similarity rating. These findings suggest a 

systematic and predictable link exists between the chemical features of odours and the colour associated to them. These 

findings highlight the possibilities of predicting human olfactory perception using an electronic nose. 
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1 INTRODUCTION 

Olfactory perception occurs when our olfactory receptors detect volatile molecules in our nasal cavity. A neural 

signal is then propagated to our olfactory system forming a semantic, perceptual and physical neural 

representation of an odour [2]. Humans have thousands of olfactory receptors that are thought to recognise 

specific chemical features [6]. Like the human olfactory stimulus, electronic noses (e-noses) consist of an array 

of sensors where the specificity comes from the number of sensors; each sensor has a limited detection 

capability [11]. E-noses rely on pattern recognition systems to identify and quantify an analyte in the vapour 

phase [1]. E-noses are predominantly used to detect and discriminate odours [3] and are rarely used for 

predicting odour perception. This may be because olfactory perception is modulated by both stimulus structure 

[7] and other perceptual mechanisms including learning, past experience and pleasantness. E-noses are 

usually fine-tuned to solved specific problems, including but not limited to, lung cancer screening [8] and 

olfactory visualisation [11] (See [4] for a recent survey on this topic). Crossmodal correspondences can be 

defined as the consistent associations between stimulus features in different sensory modalities [10]. An 

example of such associations is between odours: colours and the smoothness of texture [12]. Recently it has 

been shown that the perceived pleasantness of odours can be predicted using e-nose technology [3,13], 

highlighting the possibility of predicting crossmodal odour associations using the underlying chemical features. 

The extent to which these associations can be predicted from the underlying chemical features is still unknown. 

Robust predictions of crossmodal odour associations would also help in the design process (i.e., perfumers) to 

create experiences that conform to the user's sensory expectations without extensive psychological tests.  

In this paper, we test the hypothesis that human odour perception can be predicted outside the confines of 

the perceived pleasantness and semantic descriptors. The characteristic response profile generated by an e-

nose can be linked to the colour associated with odours, thereby suggesting that people odour-colour 

crossmodal correspondences are, at least in part encoded into the molecular properties and therefore 

capturable by a machine. 

1.1 L*a*b* Colour Space 

The L*a*b* colour space, also referred to as the CIELAB colour space, expresses colour as three channels: L* 

for perceptual lightness between the values of 0 – 100, a* red – green with values typically ranging from -127 

to 127, and b* yellow – blue again with values typically ranging from -127 to 127. The L*a*b* colour space was 

designed to be perceptually uniform where a numerical change in colour aligns with a similar perceptual change 

(see [9] for more information). 

2 MATERIALS & METHODS 

2.1 Perceptual Data 

In our prior work [12], we explored a range of olfactory crossmodal correspondences. One of these was the 

perceived colour of odours. Sixty-eight participants were presented with ten unlabelled odours (black pepper, 

caramel, cherry, coffee, freshly cut grass, lavender, lemon, orange, peppermint and pine). Participants were 

placed in a lightproof anechoic chamber equipped with an overhead luminaire (GLE-M5/32; GTI Graphic 

Technology Inc., Newburgh, NY). The lighting in the room was kept consistent by using the daylight simulator 

of the overhead luminaire. Participants were asked to select a colour most closely corresponded to the current 
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odour by freely selecting a colour from the L*a*b* colour space. Participants could slide through this space by 

adjusting the L* channel via the use of a slider. The L*, a* and b* of their final selection were saved. 

2.2 Electronic Nose 

To extract the chemical features from odours, we used a custom-made e-nose, as reported in [11]. We added 

an MQ9 gas sensor and changed the container to a custom 3D printed and sealable container made using PLA. 

The gas sensors used in the e-nose are as follows: MP503, BME680, MQ3, MQ5, MQ9 and a WSP2110. The 

e-nose was controlled using custom software, where the raw sensor data is sent to a nearby computer via a 

UDP connection. Any out of order packets were put back into order before any pre-processing. The e-nose 

recordings have 11 features – time, air quality, pollution level, temperature, pressure, humidity, gas, MQ3, MQ5, 

MQ9 and HCHO. An image of the e-nose experimental setup is shown in Fig. 1. 

Figure 1: Photo of the experimental setup for the recording of different odours. 

2.3 Chemical Data 

Odours were prepared in the same manner as reported in [12], using the same volume (4 mL) and brand when 

the perceptual data was initially collected. Odours were placed inside the e-nose, the lid was closed and 

recorded for 10 minutes, the container was flushed with ambient air for a minimum of 30 minutes between 

recordings. We presented the odours to e-nose in the same fashion as they were presented to the participants. 

We did this because factors such as temperature and intensity can bias people’s crossmodal associations. A 

total of 100 recordings were prepared for our experiments, with ten recordings for each odour. Before odours 

were used in the analysis the sensor responses were first pre-processed by taking the mean over 1-second 

intervals turning an N x 10 matrix into a 600 x 10 matrix. Each sensor signal was then smoothed using a moving 

average filter; afterwards, the median value for each of the sensor’s response was used for the regression, 

resulting in a 100 x 10 matrix. 

2.4 Data Analysis 

We created the graphs and performed the data analysis using MATLAB™ R2018b. The recordings obtained 

for the data analysis consisted of 11 features. The first feature was the time component of when the packets 
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were sent allowing for our software to reorder the packets and take the mean over one second intervals. The 

time component was removed after pre-processing and was not used in the training or testing of the regression 

models.  All odour samples were placed in the same location when recording to negate distance-based sensor 

bias. 

3 RESULTS & DISCUSSION 

We first measured ten odours using the e-nose outlined in Section 2.2. Each odour was measured ten times at 

the same volume (4 mL) and using the same brand of essential oil; to align the odour recordings with the 

perceptual data. Example sensor responses are shown in Fig. 2. 

 

Figure 2: Example sensor responses showing (A) sensor response over time for no odour and (B) sensor responses over 

time for cherry essential oil. Some sensor responses will be minimal (i.e., temperature and humidity). 

We used ten of the features provided by the e-nose for the training and testing for the regression models; 

the time component feature was removed after pre-processing. To prevent sensor bias, we standardised the 

input by centreing using the feature mean and scaled using the standard deviation. We then constructed a 

response vector by converting the participant selected colours back into L*a*b* space. The outliers were 

removed for each channel independently by replacing any value outside the range of ± 1.5 std with the channel's 

mean, excluding the detected outliers. Each response vector was then repeated ten times so that each 

recording would have a response value. We then trained, tested, and compared different regression models to 

determine which algorithm would give us the lowest root squared mean error (RSME). The results are shown 

in Table 1. 

Table 1: Results for the comparison of the regression algorithms. 

Algorithm L* 

(RSME) 

a* 

(RSME) 

b* 

(RSME) 

Linear Regression 4.83 7.15 11.01 

Support Vector Machine 1.31 4.08 5.61 

Random Forest 3.12 6.49 3.88 

Gaussian Process 

Regression 

1.06 3.5 3.4 
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    From Table 1 we can see that Gaussian Process Regression (GPR) gives the lowest RMSE for all three 

predicted attributes (L*, a*, b*). Therefore, we decided to optimise GPR parameters for each of our three models 

(L*, a* and b*). To determine the robustness of the developed models, we used an approach leaving out one 

odour. We trained each model 10 times, using all the recordings for nine odours and left all the recordings for 

one odour aside for testing. This resulted in a 90 x 10 matrix for training and a 10 x 10 matrix for testing. We 

then used a Pearson correlation to compare the GPR models to the perceptual data (predicted vs actual). We 

first computed the human-human correlation between the 68 participants who reported the colour 

correspondences and each colour channel's median values. This revealed a correlation of (r = 0.5676, p < 

0.0001) for the L* channel, (r = 0.5662, p < 0.0001) for the a* channel and (r = 0.5990, p < 0.0001) for the b* 

channel. Next, we took the correlation between the median ratings and the machine regression ratings 

(predicted vs. actual) revealing a correlation of (r = 0.49, p < 0.0001) for the L* model, (r = 0.44, p < 0.0001) for 

the a* model and (r = 0.42, p < 0.0001) for the b* model. As shown in Fig. 3.  

Figure 3: Predicted vs. actual plots for: (A) the L* colour channel, (B) the a* colour channel and (C) the b* colour channel. 

We then calculated the percentage of the human-machine correlation relative to the human-human 

correlation for each of the colour channels: for the L* channel a correlation of 86.33% was obtained (0.49 / 

0.5676 * 100 = 86.33%), for the a* channel a correlation of 78.66% was obtained (0.44 / 0.5622 * 100 = 78.66%), 

and, for the b* channel a correlation of 70.11% was obtained (0.42 / 0.5990 * 100 = 70.11%). These values 

were calculated in this manner to align with the relevant prior literature [3,13]. Overall, these results support our 

hypothesis that there is a predictable link between the colours associated to odours and their chemical features. 

Predominantly these results show that e-noses can capture, model, and predict the crossmodal perception of 

odours. However, the extent of this remains to be investigated. 

4 CONCLUSION 

In this paper, we have used the underlying chemical features of odours to design and create a model to predict 

people's colour correspondences towards odours. We split the colours in the L*a*b* colour space, producing 

three separate channels (L* - lightness), a* (red - green) and b*(yellow - blue). The machine-human correlations 

were 86.33% for the L* channel, 78.66% for the a* and 70.11% for the b* channel of the human-human 

correlations. Thus, highlighting the possibility of using e-noses to predict human olfactory perception and 

implying that the colour associated with odours are partly written into the molecular properties of the stimulus 

[5]. We believe the models created in this paper could potentially help in the design of olfactory based products 

and experiences. An important limitation to our claim is that only a portion of olfactory perception is hard-wired 
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and innate, which our findings reflect. Olfactory perception can also be modulated or influenced by various 

mechanisms, including culture, context, expectations, experience, and multisensory convergence [7]. 

Future work could include determining the extent to which the crossmodal perception of odours can be 

predicted (e.g., perceived smoothness, musical genres, and the perceived angularity of odours). The findings 

reported here could be improved upon by including a larger sample size of odours and the colours people 

associate with them. The potential of predicting human perception is not limited to odours; it may also be 

possible to predict crossmodal correspondences attributed to taste; this could be done by using an e-tongue. 
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