
 
 
 

Modelling urban bus fleet emissions  
with machine learning boosting methods: City of Madrid  

 
Objetives 
The purpose of this work is to assess the applicability of 
this technique to the modelling and prediction of 
instantaneous CO2, NOx and PM emissions from urban 
buses in the city of Madrid. 
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Methods 
1. Measurement campaign of  

real-world emissions  
• One Euro IV diesel bus of the Madrid Municipal 

Transport Company (EMT)  
• Round-trips of the most representative routes of the 

city: C1, 27, 63 and 115 routes 
• Different weight loads: complete, half and zero loads 
• Portable Emissions Measurement System (PEMS) 

Horiba OBS 2200 + GPS. Data synchronized @ 1 Hz. 

2. Modelling 

 

 

 

 
 

where,  and  are input and output variables,  is 
number of iterations,  is the base learner of the 

 iteration, and is the final contribution of the base 
learner from the  iteration to the final model 

• Search the best combination of kinematic variables: 
vehicle speed ( ), acceleration ( ) and slope; and 
ambient variables: temperature, atmospheric pressure 
( ), based on specific tractive power in (W kg 1): 

 
where,  is the gravitational acceleration,  the slope,  
the specific rolling resistance and  is the specific drag 
resistance. 

3. Prediction errors 
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Results 
A) Training (75%) and testing (25%) in only one route,  
B) Training (91%) with all routes and testing (9%) with one trained route, 
C) Training (87%) with all routes and testing (13%) with one untrained route 

 
 

 

 

 

 
 
 
 

 
 
 

 

 

 
 

 

 

 

 

 
 
 
 
 
 
 
 

Conclusions 
• Prediction errors of instantaneous emissions (MAPE and MSE) show 

acceptable levels of accuracy. However, it is important to observe the 
cumulative effect of these instantaneous errors quantified by EFerror. 
• Negative errors in all EFerror indicate a bias towards the underestimation of all 

predicted emissions.  
• In case C, which is the most difficult to predict, CO2 and PM had high EFerror    

(-25%), but NOx showed acceptable errors (-6%), demonstrating the potential 
of the models to predict EF avoiding overfitting. 

Acknowledgment 
This work was supported by the Spanish Ministry of Economy and Competitiveness - 
State Program of Research, Development and Innovation Oriented to the Challenges 
of Society. National plan 2016-2018. TRA2015-68803-R. Research project: 
Optimization system for urban driving cycles, application to the generation of patterns 
adapted to environmental requirements and vehicle fleet exploitation situations.  

 

 

Theoretical basis 
Boosting method 
 
 
 
 
 

Database 

Division of data 
into test set and 

training set 

Training 
set 

Test set �1 “strong” classifier from a lot 
of “weak” classifiers
�Weak learner ≡ regression 
model
�∑ weak learners ≡ ENSEMBLE Case Model MRE [%] EFerror[%] MSE MAPE 

A 0,8 -3,5 12,9 2,0 
B 1,5 -6,6 9,1 1,8 
C 5,3 -24,0 7,1 1,8 

Analysis of the  emissions 

Analysis of the particles emissions (PM) 

 

 

 

 

 

 

Case Model MRE [%] EFerror[%] MSE MAPE 
A  0,5 -2,3 0,002 2,0 
B  2,0 -11,4 0,002 2,0 
C  1,0 -5,7 0,001 1,9 

Case Model MRE [%] EFerror[%] MSE MAPE 
A  0,7 -2,9 ~ 0 0,2 
B  0,7 -2,8 ~ 0 0,2
C  6,6 -26,7 ~ 0 0,3 
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Boosting is a machine learning methodology which 
consists in an ensemble (set) of similar models estimated 
from the same data set. It is an iterative and cumulative 
algorithm intended to minimize the error of a single 
“weak” model. The purpose of this work is to assess the 
applicability of this technique to the modelling and 
prediction of instantaneous emissions of urban buses in 
the city of Madrid.  
 One Euro IV diesel bus of the Madrid Municipal 
Transport Company (EMT) was tested in round-trips of 
each of the most representative routes of the city: C1, 27, 
63 and 115 routes. Also, trips were done with different 
weight loads: complete, half and zero loads. 
Instantaneous CO2, NOx and mass particles emissions 
(PM) were measured with PEMS Horiba OBS 2200 at 1 
Hz frequency, and they were synchronized with GPS and 
meteorology data in post-processing. From GPS data, the 
following kinematic variables were derived: vehicle 
speed (v), acceleration (a) and slope. Ambient 
temperature, relative humidity and atmospheric pressure 
were also obtained. 
 Generalized additive models (GAM) were used as 
“weak” base learners for the boosting algorithm. 
Different boosting models were developed for each type 
of emission, using as inputs to the model some 
combinations of the measured variables. The accuracy of 
the models was measured by: mean relative error 
(MRE), mean absolute percentage error (MAPE), mean 
square error (MSE) and the error in the predicted 
emission factor (EF).  
 Input variables were derived from specific 
tractive power (in W kg⁻1) 

pt = v · (a + g·sin(α) + rr + fxa·v
2)   (1) 

where, g is gravitational acceleration, α is slope, rr is 
specific rolling resistance and fxa is specific drag 
resistance. Non-constant factors of equation (1) are 
speed, acceleration, slope and rolling resistance (as 
function of speed). To develop the model, several set of 
combinations of: α, v, a, v·α, v·a, v2 and pressure (p0) 
were assessed as predictors. The most accurate models 
resulted from the use as input of:  

CO2:  (α + v·α + v·a + v2 + p0) 
NOx: (α + v·a + p0) 
PM: (α + v·a + p0) 

 These inputs were used to assess three different 
cases of training and testing data sets:  
 
 

A) training (75%) and testing (25%) in only one route,  
B) training (91%) with all routes and testing (9%) with 
one trained route, 
C) training (87%) with all routes and testing (13%) with 
one untrained route 
 
Table 1. Errors for emission models and different 
training/testing cases. 

 
 Prediction errors of instantaneous emissions 
(MRE, MAPE and MSE) show acceptable levels of 
accuracy. However, it is important to observe the 
cumulative effect of these instantaneous errors quantified 
by EFerror. Negative values in all EFerror indicate a bias 
towards the underestimation of all predicted emissions. 
In case C, which is the most difficult to predict, CO2 and 
PM had high EFerror (-25%), but NOx showed acceptable 
errors (-6%). It demonstrates the potential of the models 
to predict EF avoiding overfitting by the using of the 
same data set for training and testing. 
 Models could be improved by continuously 
adding of more training data. 
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Measured 
Emission

MRE  
[%] 

MAPE 
 

MSE EFerror 

[%] 
Case A 

CO2 0.8 2.0 12.9 -3.5 
NOx 0.5 2.0 0.002 -2.3 

Particles 0.7 0.2 ~ 0 -2.9 
Case B 

CO2 1.5 1.8 9.1 -6.6 
NOx 2.0 2.0 0.002 -11.4 

Particles 0.7 0.2 ~ 0 -2.8 
Case C 

CO2 5.3 1.8 7.1 -24.0 
NOx 1.0 1.9 0.001 -5.7 

Particles 6.6 0.3 ~ 0 -26.7 


