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ABSTRACT 
This study is an expansion of the work from last year where it was demonstrated that 

oil sands viscosity could be predicted directly from standard well logs within 13% error (or 
0.72 of one standard deviation) using a real viscosity dataset from Donor Company. This 
work has been expanded by: normalizing the well logs, using seismic properties calculated 
from well logs to predict viscosity, adding NMR logs as predictors, improving the viscosity 
training model, and including reservoir depth as a predictor. 

Multi-attribute analysis enables a target attribute (viscosity) to be predicted using other 
known attributes (the well logs). The top well logs for predicting viscosity were: resistivity, 
gamma ray, SP, NMR Total Porosity, NMR Free Porosity, and S-wave sonic. They 
successfully predicted viscosity with an average validation error of 69,000cP (or 0.69 of 
one standard deviation). The top seismic properties for predicting viscosity were: P-wave 
velocity and P-Impedance. They predicted viscosity with an average validation error of 
94,000cP (or 0.94 of one standard deviation). The well logs modeled more viscosity 
variations than the calculated seismic properties did, and in most cases including depth as 
a predictor improved the prediction. 

 

INTRODUCTION 
The fluid property with the greatest impact on oil sands productivity and recovery is 

viscosity (Batzle et al 2006). The more viscous the oil, more energy needs to be injected 
into the system to reduce the viscosity to allow it to flow. Conventional oil viscosity can 
range from 1 centipoise (cP) [0.001 Pa*s] which is the viscosity of water, to about 10 cP 
[0.01 Pa*s]. Viscosity of heavy and extra-heavy oils can range from 10 cP [0.01 Pa*s] to 
10,000 cP [10 Pa*s]. The most viscous hydrocarbon, bitumen, is a solid at room 
temperature and softens readily when heated. Viscosity of bitumen can range from 10,000 
cP [10 Pa*s] to more than 1,000,000 cP [1,000 Pa*s] (Alboudwarej et al 2006). Figure 1 
shows the logarithmic scale of viscosity subdivided by the grade category of oil, and 
compares it to the viscosities of typical items found in our kitchen. Figure 1 also illustrates 
the temperature-dependence of viscosity. Clearly, increasing reservoir temperature 
decreases the viscosity. 

Figure 2 shows core plug measurements from the oil sands about 50 km south-southwest 
of Fort McMurray, Alberta (Kato et al. 2008). The measurements show that both Vp and 
Vs decrease with increasing temperature (or decreasing viscosity).   
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     These multi-regression prediction models were then used to blindly predict the NMR 
porosity logs in each of the 40 viscosity wells. However, before we test if using the 
predicted NMR logs improves the viscosity prediction, we will first set up an improved 
viscosity training model. 

Improving the viscosity training model 
The results so far have involved training the prediction model to best match a target 

“pseudo viscosity log,” which is just a linear interpolation through the actual measured 
viscosities (shown in Figure 9). This assumes that viscosity varies linearly between each 
measurement point, which is a significant oversimplification. A more certain method is to 
train the prediction model at only the known viscosity measurement depths with the known 
values. 

Figure 19 shows the new viscosity training model. The left track shows the old target 
viscosity log in black. The updated target viscosity log is red which is nulled everywhere 
except around a 100cm window centered at the true measurement depths with the true 
values. In cases where the measurement depth plotted in a shale interval, it was moved to 
the nearest clean reservoir interval. Note also that the predicted NMR logs are shown in 
the porosity track, as described in the previous section.  

FIG. 19. Updated Viscosity Training Model. In the left track, the black curve is the old (interpolated) 
target viscosity log. The red curve is the new target viscosity log, with a 1-meter training window 
centered around the true measurement depth (shown by the gold zones). The viscosity is presented 
on a logarithmic scale from 10,000 cP to 1,000,000 cP. The predicted NMR porosity logs are also 
shown, with the shaded grey area indicating the presence of bitumen from the density porosity and 
NMR total porosity separation. 
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New viscosity predictions from the updated training model 
Table 7 shows the top viscosity predicting attributes from implementing the new 

training model using standard well logs and the predicted NMR logs. Table 8 shows the 
top viscosity predicting attributes using calculated seismic properties on the new training 
model.  

 Target (cP) Attribute (normalized) Units Validation Error (cP) 
1 Viscosity 1 / (Medium Resistivity) 1 / [ohmm] 84,200 
2 Viscosity ln |Gamma Ray| ln |API| 77,300 
3 Viscosity 1 / (SP) 1 / [mV] 74,800 
4 Viscosity (NMR Total – NMR Free)2  [decimal]2 71,600 
5 Viscosity (NMR Total Porosity)2 [decimal]2 71,200 
6 Viscosity 1 / (S-wave sonic) 1 / [µs/m] 69,500 

Table 7. Predicting viscosity from standard logs and predicted NMR logs, with new training 
model: Emerge™ prediction attributes with their associated validation errors. All of the well logs 
from the 40 project wells were used. Note that each row in the list corresponds to a particular 
multi-attribute transform and includes all the attributes above it.  

 Target (cP) Attribute (normalized) Units Validation Error (cP) 
1 Viscosity 1 / (P-wave sonic) 1 / [μs/m] 95,700 
2 Viscosity 1 / (P-Impedance) [m/s * g/cc]-1 93,600 

Table 8. Predicting viscosity from calculated seismic properties, with new training model: 
Emerge™ prediction attributes with their associated validation errors. All of the well logs from the 
40 project wells were used. Note that each row in the list corresponds to a particular multi-
attribute transform and includes all the attributes above it.  

Figure 20 and Figure 21 show the new viscosity prediction results in two example wells, 
using the attributes from Table 7 and Table 8. The left side of the figures show the 
predictions using the well logs, and the right side shows the predictions using calculated 
seismic properties. The gold zones highlight the reservoir intervals. The magenta colored 
area is the separation between the predicted NMR Total and NMR Free porosity logs, 
which came up as the 4th top predictor (Table 7). This separation represents hydrocarbon 
contained in small pores and capillaries with poor mobility (Bob Everett, retired 
petrophysicist, personal communication, November 2016). 

The well from Figure 20 has bitumen that extends 20m above the shallowest viscosity 
measurement. Both predictions (using well logs and calculated seismic properties) show 
good validation agreement with the known viscosities, and they both predict a smooth trend 
of decreasing viscosity to the top of the bitumen reservoir. The spikes in the predicted 
viscosity logs occur in non-reservoir intervals, which makes sense because the prediction 
was only calibrated at the measurement points, which are all in reservoir intervals. There 
is relatively little difference between the old and new viscosity predictions in this well. 

The well from Figure 21 shows more dynamic behavior of the modeled viscosity. On 
the left side (prediction using well logs), the new viscosity prediction shows more variation 
than the old prediction. The new model shows a shallow decreasing viscosity profile from 
410m to 420m, and two separate profiles of increasing viscosity in two reservoir intervals 
separated by a more shaley zone (440m to 460m). On the right side, the viscosity prediction 
from calculated seismic properties shows less variation, and does not see the same trends. 
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FIG. 20. Predicting viscosity from standard logs and NMR (left side), and calculated seismic properties (right side). Validation results for an example 
well are shown. The two outermost tracks show the true viscosity measurements (350C) in black, with the new prediction in red overtop the old 
prediction in blue. The viscosity tracks are presented on logarithmic scales from 10,000cP to 1,000,000cP. The gold zones highlight the bitumen 
intervals. The magenta colored area is the separation between the predicted NMR Total and NMR Free porosity logs, which represents hydrocarbon 
contained in small pores and capillaries with poor mobility. Credit: Hampson-Russell Emerge™ 
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FIG. 21. Predicting viscosity from standard logs and NMR (left side), and calculated seismic properties (right side). Validation results for an example 
well are shown. The two outermost tracks show the true viscosity measurements (350C) in black, with the new prediction in red overtop the old 
prediction in blue. The viscosity tracks are presented on logarithmic scales from 10,000cP to 1,000,000cP. The gold zones highlight the bitumen 
intervals. The magenta colored area is the separation between the predicted NMR Total and NMR Free porosity logs, which represents hydrocarbon 
contained in small pores and capillaries with poor mobility. Credit: Hampson-Russell Emerge™ 



Predicting oil sands viscosity from well logs 

 CREWES Research Report — Volume 28 (2016) 23 

In summary, from implementing the updated viscosity training model (Figure 19) and 
including predicted NMR logs, the top viscosity predictors were: Medium Resistivity, 
Gamma Ray, SP, (NMR Total Porosity – NMR Free Porosity), NMR Total Porosity, and 
S-wave sonic. The normalized versions of these logs were used because they had lower 
validation error, and more stable predictions. The average validation error was 69,500 cP 
(13% of total range, or 0.69 of one standard deviation), an improvement of 2,500cP from 
using the old, “interpolated viscosity log” training model from Figure 9. The new 
prediction modelled greater viscosity variation than the old prediction, and more unstable 
behavior outside of the bitumen intervals.  

From implementing the new training model on the calculated seismic properties, the top 
viscosity predictors were: P-wave sonic and P-Impedance. The normalized logs were used 
to calculate the properties because they yielded more stable predictions with a lower error 
than using un-normalized logs. The average validation error was 93,600 cP (18% of total 
range, or 0.94 of one standard deviation), which is 10,300cP worse than using the old, 
“interpolated viscosity log” training model. The new prediction from seismic properties 
did show slightly more viscosity variation than the old prediction did, but not nearly as 
much variation as seen by the well logs.  

Adding depth as a viscosity predictor 
Given the convincing evidence of a depth-viscosity relationship from the 

ConocoPhillips Surmont project (Figure 3), a similar graph was made for the project area 
and is shown in Figure 22. A rough logarithmic viscosity trend with depth is apparent. 

FIG. 22. Reservoir depth vs. viscosity plot. All the viscosity measurements from the 40 study wells 
are plotted. 
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Following this line of thinking, base bitumen tops were picked for each of the 40 study 
wells to generate logs called height above bitumen base (depth). The depth logs were then 
added to the multi-attribute viscosity prediction workflow to see how including depth 
improves the prediction. Table 9 and Table 10 show to top predicting attributes from well 
logs and calculated seismic properties, respectively. 

 Target (cP) Attribute (normalized) Units Validation Error (cP) 
1 Viscosity ln |HeightAboveBitumenBase| ln |m| 70,300 
2 Viscosity 1 / (SP) 1 / [mV]| 70,000 
3 Viscosity 1 / (Log10 Medium Resistivity) 1 / [ohmm] 67,700 
4 Viscosity 1 / (Gamma Ray) 1 / [API] 65,900 
5 Viscosity (NMR Free Porosity)2 [decimal]2 64,100 
6 Viscosity (NMR Total – NMR Free)1/2 [decimal]1/2 63,500 

Table 9. Predicting viscosity from standard logs, predicted NMR logs, AND depth: Emerge™ 
prediction attributes with their associated validation errors. All of the well logs from the 40 project 
wells were used. Note that each row in the list corresponds to a particular multi-attribute 
transform and includes all the attributes above it.  

 Target (cP) Attribute (normalized) Units Validation Error (cP) 
1 Viscosity ln |HeightAboveBitumenBase| ln |m| 70,300 
2 Viscosity 1 / (P-wave sonic) 1 / [μs/m] 69,600 

Table 10. Predicting viscosity from calculated seismic properties AND depth: Emerge™ prediction 
attributes with their associated validation errors. All of the well logs from the 40 project wells were 
used. Note that each row in the list corresponds to a particular multi-attribute transform and 
includes all the attributes above it.  

Figure 23 shows how using depth (height above bitumen base) influences the viscosity 
prediction for three example wells. For each well, the black blocked curves are the true 
viscosity measurements, and the green logarithmic curves are the predictions using only 
depth. In the left tracks, the viscosity predictions from logs are plotted in blue, and the 
predictions from logs and depth combined are plotted in red. In the right tracks, the 
viscosity predictions from calculated seismic properties are plotted in blue, and the 
predictions from seismic and depth combined are plotted in red. 

For the left and middle wells, depth alone predicts the viscosity trends almost perfectly! 
Also, combining depth with both the logs and seismic properties improves the prediction 
instead of using the well logs alone. However, the well on the right has a low measured 
viscosity near the bitumen base (66,000cP at 440m depth). The depth predictor is not 
calibrated the predict low viscosities at the reservoir base. As a result, including depth in 
the prediction overestimates the viscosity at the base, whereas using only the well logs 
(blue curves) get closer to the true viscosity. 

In summary, using depth (height above bitumen base) improved the average validation 
error from 69,500cP to 63,500cP. In most cases it improves the accuracy of the prediction, 
however it removes some of the dynamic variations and will always overestimate viscosity 
if the base of the reservoir has a low viscosity. 
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FIG. 23. Influence of depth as a viscosity predictor for three example wells. For each well, the black blocked logs are the true viscosity measurements, 
and the green logarithmic curves are the predictions using only depth. In the left tracks, the viscosity predictions from logs are plotted in blue, and the 
predictions from logs and depth combined are plotted in red. In the right tracks, the viscosity predictions from calculated seismic properties are plotted 
in blue, and the predictions from seismic and depth combined are plotted in red. all viscosity tracks are presented on logarithmic scales from 10,000cP 
to 1,000,000cP. The gold zones highlight the bitumen intervals. Credit: Hampson-Russell Emerge
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Comments about the well logs used to predict viscosity 
A number of log types kept re-occurring as viscosity predictors throughout this study: 

resistivity, gamma ray, SP, predicted NMR Total Porosity, predicted NMR free porosity, 
P-wave sonic, and S-wave sonic. 
 

Resistivity logs are sensitive to changing reservoir fluid types, so it makes sense that 
resistivity came up as a viscosity predictor, although the exact mechanism is not known. 
The degree of bitumen saturation in the reservoir (So = 1 - Sw) might also play a role in 
predicting viscosity in which case the resistivity of the formation water (Rw), which can 
change vertically and laterally, would become important. There is also a relationship 
between Vp and resistivity, first given by Faust (1953): 

 

𝑽𝑽𝒑𝒑 = 𝜸𝜸 �𝒁𝒁
𝑹𝑹𝟎𝟎
𝑹𝑹𝒘𝒘

�
𝟏𝟏/𝟔𝟔

                                                            (4) 

where Vp is P-wave velocity in the fluid saturated rock in ft/s, γ is a constant, Z is depth in 
feet, R0 is the resistivity of 100% water saturated rock in ohm*m, and Rw is the formation 
water resistivity in ohm*m.  

 
Gamma ray was another common viscosity predictor. The gamma ray log measures the 

natural radioactivity of the formation, and is commonly used to calculate shale volumes 
and differentiate between sand units and shale units (Rider & Kennedy 2011). A physical 
reason why the gamma ray log would be related to viscosity is unclear, perhaps some 
unique bug deposits or uranium variations?  

 
The SP log routinely came up as a second or third predictor after it was normalized. SP 

is sensitive to large changes in permeability (Rider & Kennedy 2011), so perhaps it could 
respond to viscosity variations as well. 

 
It is known that both Vp and Vs decrease with increasing temperature (Figure 2). Since 

temperature and viscosity are closely related, it follows for Vp and Vs to be sensitive to 
viscosity variations as well. However, it is surprising that the shear sonic log did not appear 
more, because viscous bitumen has a non-zero shear modulus compared to conventional 
hydrocarbons, which the shear sonic should detect. It could be a result of the questionable 
quality of the shear sonic data in the project area. With better shear sonic data, the viscosity 
predictions would likely be improved further. 

 
Finally, it is well known that NMR signals can be correlated to viscosity (Sun et. al. 

2007). However, none of the viscosity wells in the project had NMR data, so the NMR logs 
had to be blindly predicted in the viscosity wells by training prediction equations using 25 
nearby NMR wells. The fact that the NMR (total – free) porosity separation came up as a 
predictor is very encouraging. If the viscosity wells had real NMR data, the predictions 
would almost certainly have been improved further.  
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CONCLUSIONS  
This study demonstrated that multi-attribute analysis of well logs can successfully be 

used to predict viscosity, given sufficient lab viscosity measurements to train the model. 
Viscosity estimates within about 70,000cP should now be able to be made on any well in 
the studied reservoir assuming it has a reliable standard suite of well logs. Note that this 
model estimates a lab measured viscosity controlled at 35oC, whereas virgin reservoir 
viscosities are on the order of millions of cP, at around 10oC.  

Initially, training the model to an interpolated target viscosity log was done. However, 
it was found that training the prediction model at only the known viscosity measurement 
depths with the known value gives more accurate predictions and reveals more viscosity 
variations. Table 11 summarizes how all the different predictions compared.  

Table 11. Comparison of viscosity prediction results from using the updated training model. 

Normalizing the logs and including predicted NMR logs as viscosity predictors resulted in 
lower validation errors and more stable predictions.  

     The calculated seismic properties were less accurate and less dynamic viscosity 
predictors than the well logs were. However, they still were within 100,000cP most of the 
time. With improved shear sonic logs, the seismic properties likely would have been more 
accurate. To extend viscosity prediction into the seismic world, a thick reservoir would be 
needed for resolution, and very high frequency prestack seismic data to extract out the 
required elastic properties which would hopefully detect the large viscosity variations 
throughout the reservoir. 

Estimating viscosity ultimately adds value to any heavy oil or oil sands development 
project because it is used as a main criterion in selecting the recovery method, and it is the 
most important parameter influencing production and development (Batzle et. al. 2006). 
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