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Figure S1 shows (upper panel) an EDX analysis conducted on a sensor sample. The osmium 
loaded tungsten oxide film coats an alumina substrate. Peaks corresponding to the tungsten 
oxide film and the alumina substrate clearly appear. However, osmium is not detected. (lower 
panel) quantitative results of the microanalysis.

The experiment conditions were:

Live Time: 40.0 sec

Filter Fit   Chi Squared:13.977   Errors: +/- 1 Sigma

 Correction Method: Proza (Phi-Rho-Z) Acc.Voltage: 20.0 kV

  Take Off Angle: 34.9 deg.  
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Element
 

Weight % Weight %
  Error

 Norm.
 Wt.%

Atom % Formula

   C     2.53 ± 0.04     2.53   11.32       C
   O   19.17 ± 0.15   19.17   64.37       O
  Al     0.84 ± 0.04     0.84     1.68      Al
   W   77.45 ± 0.79   77.45   22.63       W
Total  100.00  100.00 100.00

Figure S1: EDX performed to a sensor sample consisting of WO3 decorated with osmium.

Figure S2 shows the results of a different EDX analysis conducted on an osmium loaded 
tungsten oxide sample deposited on a TEM grid (lacey carbon film supported on nickel). 
Similarly to the previous EDX analysis performed on a sensor sample, this analysis is 
inconclusive for the presence of osmium in osmium-loaded samples.

Figure S2: EDX analysis performed to an WO3 decorated with osmium deposited on a TEM grid.



3

On the use of ToF-SIMS to confirm the presence of osmium oxide in the samples

An XPS analysis of the different samples was performed. However, the amount of Os 
that loaded the tungsten oxide was found to be under the sensitivity of the XPS 
technique and this for the two types of samples produced. The calculated detection 
limit of Osmium by XPS is 1.5 ppm.  Therefore, to evaluate the presence of Osmium, 
the ToF-SIMS technique was employed, which is more sensitive technique than XPS, as 
it enables detecting the presence of chemical species at trace levels, down to ppb 
concentrations. However, unlike XPS, the ToF-SIMS is a qualitative technique, which 
has enabled confirming the presence of Os in the loaded tungsten oxide samples, but 
that does not allow for a proper quantitative analysis of this loading. Additionally, the 
TOF-SIMS analyses were performed in spectrometry mode (not in imaging mode), with 
a lateral resolution of roughly 1-2 µm. Therefore, it is not possible to determine the 
characteristic size and morphology of the Osmium clusters.
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Figure S3: Measurements at 150˚ C of (up) EtOH, (middle) NO2, and (down) H2.
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Figure S4: Measurements at 200˚ C of (up) EtOH, (middle) NO2, and (down) H2.



6

Figure S5: Calibration curves at 250˚ C of (a) H2, (b) EtOH, and (down) NO2.

Table S1: Summary of the statistics of sensor measurements.
Sensor Gas Temperature 

[˚C]
Concentration 

[ppm]
Response 
Mean [%]

Response 
Error [%]

Abs. Error 
[ppm]

Rel. Error 
[%]

pure NO2 250 0.25 -4749.6 1843.1 -0.24 -95.03

pure NO2 250 0.5 -6364.0 1336.0 -0.26 -52.24

pure NO2 250 0.75 -7970.8 825.4 -0.21 -27.45

pure NO2 250 1 -8160.0 710.0 -0.21 -21.05

pure H2 250 250 46.0 0.18 6.35 2.54

pure H2 250 500 52.0 0.06 3.65 0.73

pure H2 250 750 54.6 0.29 26.45 3.53

pure H2 250 1000 56.8 0.40 47.00 4.70

pure EtO
H

250 5 67.8 3.1 2.47 49.35

pure EtO
H

250 10 73.2 2.0 2.99 29.88

pure EtO
H

250 15 75.9 1.6 3.45 23.00

pure EtO
H

250 20 77.1 1.2 3.43 17.13

WO3OsLC NO2 250 0.25 -667.4 239.8 -0.05 -19.16

WO3OsLC NO2 250 0.5 -2227.7 964.5 -0.13 -26.37

WO3OsLC NO2 250 0.75 -4728.7 1030.8 -0.11 -15.05

WO3OsLC NO2 250 1 -6779.3 592.4 -0.06 -5.54

WO3OsLC H2 250 250 62.2 0.76 27.71 11.09

WO3OsLC H2 250 500 66.9 0.71 47.60 9.52

WO3OsLC H2 250 750 69.8 0.71 68.86 9.18

WO3OsLC H2 250 1000 72.7 0.66 82.51 8.25

WO3OsLC EtO
H

250 5 62.8 7.2 3.41 68.12

WO3OsLC EtO
H

250 10 73.4 4.2 3.50 35.04

WO3OsLC EtO
H

250 15 77.8 2.8 3.34 22.29

WO3OsLC EtO
H

250 20 78.9 2.1 3.16 15.81

WO3OsHC NO2 250 0.25 -536.8 222.5 -0.03 -12.07

WO3OsHC NO2 250 0.5 -3298.1 2481.5 -0.19 -37.38

WO3OsHC NO2 250 0.75 -8228.1 4423.3 -0.24 -31.50

WO3OsHC NO2 250 1 -12681.6 3635.6 -0.15 -15.21

WO3OsHC H2 250 250 48.3 0.40 13.40 5.36

WO3OsHC H2 250 500 53.0 0.38 23.26 4.65

WO3OsHC H2 250 750 56.4 0.37 31.58 4.21
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WO3OsHC H2 250 1000 60.0 0.37 40.86 4.09

WO3OsHC EtO
H

250 5 55.5 5.6 2.52 50.37

WO3OsHC EtO
H

250 10 65.3 3.9 3.07 30.68

WO3OsHC EtO
H

250 15 70.7 3.0 3.25 21.68

WO3OsHC EtO
H

250 20 72.9 2.1 2.85 14.27

Table S2: Summary of the performance of the classification algorithms.
Number 

hidden layers
Number of 

neurons per layer
Activation 
function

Accuracy 
training [%]

Accuracy 
test [%]

Working 
Temperature (˚ C)

3 10 Tanh 93.58 93.82 150
3 10 Sigmoid 92.91 92.09 150
3 10 ReLU 91.02 86.56 150
1 10 ReLU 90.16 86.70 150
1 100 ReLU 90.06 86.78 150
1 25 ReLU 89.66 88.11 150
2 10 ReLU 89.61 91.59 150
3 10 None 81.89 81.71 150
1 100 Tanh 91.56 91.60 200
1 100 Sigmoid 91.28 91.47 200
3 10 ReLU 88.99 85.91 200
1 100 ReLU 88.99 88.61 200
1 25 ReLU 88.81 88.58 200
2 10 ReLU 88.63 88.26 200
1 10 ReLU 87.98 87.58 200
1 100 None 86.82 85.55 200
1 10 Tanh 91.61 93.18 250
1 10 ReLU 91.38 92.26 250
1 100 ReLU 91.76 92.20 250
1 25 ReLU 91.46 91.97 250
3 10 ReLU 90.23 91.45 250
1 10 Sigmoid 91.93 90.91 250
2 10 ReLU 90.29 90.82 250
1 10 None 89.69 89.45 250

Table S3: Summary of the performance of the quantification models for nitrogen dioxide.
Number 
hidden 
layers

Number of 
neurons per 

layer

Activation 
function

RMSE 
training 

[ppb]

R-squared 
training

RMSE test 
[ppb]

R-squared 
test

Working 
Temperatur

e (˚ C)
3 10 Tanh 0.09 0.90 0.07 0.94 150
1 100 ReLU 0.10 0.88 0.09 0.90 150
3 10 ReLU 0.10 0.89 0.09 0.89 150
1 25 ReLU 0.11 0.86 0.11 0.86 150
2 10 ReLU 0.10 0.87 0.11 0.86 150
3 10 Sigmoid 0.11 0.86 0.11 0.85 150
1 10 ReLU 0.12 0.84 0.12 0.85 150
3 10 None 0.20 0.55 0.20 0.57 150
1 100 ReLU 0.12 0.87 0.11 0.89 200
3 10 ReLU 0.12 0.86 0.11 0.88 200
2 10 ReLU 0.12 0.86 0.12 0.87 200
1 25 ReLU 0.14 0.83 0.12 0.85 200
1 10 ReLU 0.15 0.81 0.13 0.84 200
1 100 Tanh 0.14 0.81 0.14 0.82 200
1 100 Sigmoid 0.16 0.78 0.15 0.80 200
1 100 None 0.20 0.66 0.19 0.67 200
3 10 ReLU 0.07 0.94 0.08 0.94 250
3 10 Tanh 0.08 0.94 0.08 0.94 250
1 100 ReLU 0.08 0.93 0.08 0.94 250
2 10 ReLU 0.08 0.93 0.08 0.94 250
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1 25 ReLU 0.08 0.93 0.08 0.94 250
3 10 Sigmoid 0.09 0.92 0.08 0.93 250
1 10 ReLU 0.09 0.92 0.09 0.92 250
3 10 None 0.14 0.81 0.13 0.84 250

Table S4: Summary of the performance of the quantification models for ethanol.

Number 
hidden layers

Number of 
neurons per 

layer

Activation 
function

RMSE 
training 
[ppm]

R-squared 
training

RMSE test 
[ppm]

R-squared 
test

Working 
Temperature 

(˚ C)
1 100 Tanh 1.65 0.94 1.33 0.96 150
1 100 Sigmoid 1.67 0.94 1.58 0.94 150
1 100 ReLU 1.89 0.92 1.71 0.93 150
3 10 ReLU 1.97 0.91 1.80 0.92 150
1 25 ReLU 2.46 0.87 2.26 0.88 150
2 10 ReLU 2.03 0.91 2.28 0.88 150
1 10 ReLU 2.92 0.82 3.02 0.80 150
1 100 None 5.53 0.36 5.44 0.35 150
3 10 Sigmoid 2.01 0.92 1.27 0.96 200
3 10 ReLU 1.86 0.93 1.58 0.94 200
3 10 Tanh 2.03 0.91 1.71 0.94 200
1 100 ReLU 2.00 0.92 1.80 0.93 200
3 10 ReLU 2.00 0.92 1.85 0.93 200
1 25 ReLU 2.21 0.90 2.04 0.91 200
1 10 ReLU 2.42 0.88 2.11 0.91 200
3 10 None 5.24 0.46 5.04 0.49 200
3 10 Tanh 2.32 0.89 1.64 0.94 250
3 10 ReLU 2.48 0.88 2.04 0.91 250
1 100 ReLU 2.38 0.89 2.15 0.90 250
1 25 ReLU 2.51 0.88 2.27 0.89 250
2 10 ReLU 2.55 0.87 2.39 0.88 250
3 10 Sigmoid 2.51 0.88 2.59 0.87 250
1 10 ReLU 2.73 0.86 2.62 0.86 250
3 10 None 4.99 0.53 4.99 0.51 250

Table S5: Summary of the performance of the quantification models for hydrogen.
Number 
hidden 
layers

Number of 
neurons per 

layer

Activation 
function

RMSE training 
[ppm]

R-squared 
training

RMSE 
test 

[ppm]

R-squared 
test

Working 
Temperatur

e (˚ C)
1 100 ReLU 104.33 0.90 95.81 0.91 150
2 10 ReLU 98.40 0.91 100.97 0.90 150
3 10 ReLU 97.64 0.91 105.70 0.89 150
1 25 ReLU 105.83 0.89 113.01 0.88 150
1 100 Tanh 123.15 0.86 128.10 0.84 150
1 100 Sigmoid 134.10 0.83 134.77 0.83 150
1 10 ReLU 138.01 0.82 140.21 0.81 150
1 100 None 253.72 0.41 250.01 0.42 150
1 100 ReLU 96.48 0.92 107.92 0.90 200
1 25 ReLU 108.21 0.90 112.29 0.89 200
2 10 ReLU 107.88 0.90 120.72 0.87 200
1 100 Sigmoid 104.76 0.90 120.72 0.87 200
3 10 ReLU 99.87 0.91 122.56 0.87 200
1 10 ReLU 115.44 0.88 130.57 0.85 200
1 100 Tanh 152.04 0.80 154.29 0.80 200
1 100 None 250.28 0.47 249.59 0.47 200
1 100 ReLU 76.19 0.94 85.57 0.93 250
1 100 Sigmoid 72.78 0.95 87.76 0.93 250
2 10 ReLU 74.55 0.95 91.84 0.92 250
1 25 ReLU 77.93 0.94 92.14 0.92 250
3 10 ReLU 74.79 0.95 94.41 0.92 250
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1 100 Tanh 95.87 0.91 94.74 0.92 250
1 10 ReLU 79.49 0.94 95.32 0.92 250
1 100 None 255.43 0.42 259.19 0.42 250

Figure S6: Results of classification and quantification models when using test dataset at 200˚ C. (a) 
Classification. (b) NO2 quantification. (c) H2 quantification. (d) EtOH quantification.
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Figure S7: Results of classification and quantification models when using test dataset at 150˚ C. (a) 
Classification. (b) NO2 quantification. (c) H2 quantification. (d) EtOH quantification.

Table S6: Relationship between classification accuracy and working temperature of the sensors.
Working 

Temperature (˚ C)
Classifying 

NO2 (%)
Classifying 
EtOH (%)

Classifying 
H2 (%)

150 96.0 81.4 73.5
200 96.1 89.4 82.2
250 95.2 90.1 86.9

Table S7: Summary of the best quantification models for EtOH, NO2, and H2 at three temperatures.
Gas Temperature [˚ 

C]
RMSE train [ppm] R-squared train RMSE test [ppm] R-squared test

150 1.65 0.94 1.33 0.96
200 2.01 0.92 1.27 0.96EtO

H 250 2.32 0.89 1.64 0.94
150 0.09 × 10-3 0.90 0.07 × 10-3 0.94
200 0.12 × 10-3 0.87 0.11 × 10-3 0.89NO2

250 0.07 × 10-3 0.94 0.08 × 10-3 0.94
150 104.33 0.90 95.81 0.91
200 96.48 0.92 107.92 0.90H2

250 76.19 0.94 85.57 0.93

Table S8: Comparative between gas-sensing application metrics found in the literature and 
metrics of this work 1: 

Algorithm Application Metrics Reference
s

SVM Drift compensation, 
Classification 

Accuracy: 89.98 % – 96.62 % 2,3
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ANN Classification Accuracy: 91.26% 2

XGBoost Classification Accuracy: 96.62 % 
Sensitivity: 95.60 %

2,4

KNN Drift compensation Accuracy: 80.74 % – 97.5 % 2,5,6

KNN-ANN Drift suppressed 
classification 

Accuracy: 96.51 % 7

PLS Gas concentration 
prediction 

RMSE: 7.34 8,9

ACNN Drift compensation Accuracy increased over 30% worst 
case 

10

MLPNN Gas concentration 
estimation 

Error decreased 7 % – 19 % worst 
case 

11

Deep CNN Real-time 
classification 

Accuracy: 98.1 % 12

CNN ensemble Classification Accuracy: 99.72 % 13

PCA and ANN Discrimination and 
Quantification

Accuracy: 96.1 % *
R-squared: 0.96 *
RMSE: 0.07 ppb *

This work

*Best case
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