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1 INTRODUCTION 
 
This paper describes the application of a neuro-fuzzy system approach to the modelling of 
gap-acceptance behaviour at priority intersections. This approach consists of defining an 
adaptive neural network functionally equivalent to a fuzzy system, and subjecting this 
network to a learning process based on experimental input-output data. This allows one to 
use directly objective evidence in the identification of the fuzzy system knowledge base 
(membership functions and inference rules), thus avoiding any discretionary evaluation 
inherent in the alternative expert judgement approach. 
 

2 CHOICE PROCESS REPRESENTATION 
 
In gap-acceptance behaviour, the choice to accept or reject a gap of a certain size is 
generally considered the result of a decision process which includes, as inputs, subjective 
evaluations of a set of explanatory variables, given specific objective factors. These 
subjective evaluations are usually affected by a high degree of uncertainty, which can be 
properly treated by fuzzy system theory (Zadeh, 1965). In this paper we propose the 
application of a neuro-fuzzy hybrid system to the representation of gap acceptance 
behaviour. This system includes as explanatory variables both objective and subjective 
factors. The real phenomenon is then represented by means of a neuro-fuzzy network 
consisting of a decision making block (choice fuzzy model) and by a set of neurons that 
represent the exogenous factors presumed to influence the choice process (fig. 1). 
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Figure 1. The proposed system. 
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The input layer of the network consists of a number of neurons equal to the number of 
objective factors included in the model; in addition to these nodes, there is a number of 
neurons corresponding to fuzzy sets distributed on the domains of the subjective variables. 
 
 

3 NEURO-FUZZY ANALYSIS OF GAP-ACCEPTANCE BEHAVIOUR 

3.1 Experimental data 
The field data used for model identification (Tab.1) are gap-acceptance observations 
collected at an extra-urban intersection (Rossi and Meneguzzer, 2001) for the left turn from 
the major street and the right turn from the minor street. 
 

Maneuver Type of interval Training sample (~70%) Test sample (~30%) Total decisions  
Right turn from minor Gap 1.042 406 1.448 
Left turn from major Gap 806 321 1.127 

Right turn from minor Lag 624 268 892 
Left turn from major Lag 615 299 914 

 3.087 1.294 4.381 

Table 1. Training (70%) and test (30%) sample sizes as a function of objective factors. 

Table 2 shows the frequencies of acceptance by type of turn and type and size of interval for 
the training sample. These factors are chosen as explanatory of the phenomenon under study 
(Meneguzzer and Rossi, 1996). 

 
total

Accepted (a) 0 0 2 7 9 5 17 15 17 17 150 239
Rejected (b) 99 388 167 71 32 23 10 10 1 1 1 803
Freq. (a)/(a+b) 0,0% 0,0% 1,2% 9,0% 22,0% 17,9% 63,0% 60,0% 94,4% 94,4% 99,3% 22,9%
Accepted (a) 0 0 0 0 5 16 22 13 15 13 102 186
Rejected (b) 100 298 114 77 17 10 3 0 1 0 0 620
Freq. (a)/(a+b) 0,0% 0,0% 0,0% 0,0% 22,7% 61,5% 88,0% 100,0% 93,8% 100,0% 100,0% 23,1%

0-1 sec. 1-2 sec. 2-3 sec. 3-4 sec. 4-5 sec. 5-6 sec. 6-7 sec. 7-8 sec. 8-9 sec. 9-10 sec. >10 sec.
interval size

number of gaps
Right turn 

from 
minor

Left turn 
from 
major

 
 

total
Accepted (a) 1 5 8 21 34 22 23 36 15 12 212 389
Rejected (b) 56 54 44 40 20 11 4 3 1 0 2 235
Freq. (a)/(a+b) 1,8% 8,5% 15,4% 34,4% 63,0% 66,7% 85,2% 92,3% 93,8% 100,0% 99,1% 62,3%
Accepted (a) 5 8 19 20 32 25 28 26 16 25 236 440
Rejected (b) 82 39 19 18 6 5 2 2 1 1 0 175
Freq. (a)/(a+b) 5,7% 17,0% 50,0% 52,6% 84,2% 83,3% 93,3% 92,9% 94,1% 96,2% 100,0% 71,5%

0-1 sec. 1-2 sec. 2-3 sec. 3-4 sec. 4-5 sec. 5-6 sec. 6-7 sec. 7-8 sec. 8-9 sec. 9-10 sec. >10 sec.
interval size

number of lags
Right turn 

from 
minor

Left turn 
from 
major

 

Table 2. Observed gap-acceptance data for training sample by interval size and objective factors. 

3.2 Architecture of the global model 
The input variables of the choice model are the temporal size of the interval, the type of 
interval (gap or lag) and by the type of maneuver, while the output variable represents the 
gap/lag acceptance or rejection (0-1 dummy variable). The domain of the variable "Interval 
size" is covered by five fuzzy sets of trapezoidal type, corresponding respectively to the 
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concepts of small, medium-small, medium, medium-large and large interval. The crisp 
variables "Type of interval" and "Type of maneuver" are represented by means of the fuzzy 
sets shown in figure 2.  This type of treatment of the crisp variables is necessary in order to 
introduce them in a neuro-fuzzy system. 
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Figure 2. Fuzzy sets for crisp variables “type of turn” and “type of interval”. 

The input-output association consists of 20 rules of the Takagi-Sugeno type (Takagi and 
Sugeno, 1985), expressing locally linear relations between inputs and output. The use of this 
rule type implies the assumption that the index of acceptability (output variable), considered 
as a fuzzy variable, has the same number of premise fuzzy sets and the same shape as that of 
the input variable (interval size), but different parameters of definition. 

3.3 Global model identification and validation 
For the identification of the fuzzy set premise and consequence parameters the so-called 
ANFIS technique (Jang, 1993) has been applied to the neuro-fuzzy system shown in figure 
3. The learning process has been carried out using a 70% random subsample of the total 
sample, called training set (Tab. 1). A random subsample consisting of 30% of data has 
been adopted for model validation (checking set). The minimum value of the checking error 
(RMSE of “target” and simulated outputs computed on the checking set) has been used as a 
stopping criterion in the learning process, so as to avoid “overfitting” of the models to the 
training data. 

 
Figure 3. A neural network functionally equivalent to a fuzzy inference system for modelling gap-

acceptance behaviour (global model). 
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The curves representing the gap acceptance propensity are shown in figure 4 as a function of 
the type of maneuver and the type and size of the interval. It is observed that, for lags, there 
is greater acceptance propensity for the left turn from the major street at all interval sizes. 
For gaps, instead, this only happens for interval sizes greater then ~4.5 seconds. It appears, 
in fact, reasonable that, for the same interval size and indipendently of interval type, the left 
turn from the primary street is easier to carry out than the right turn from the minor street. 
The results for medium-small gaps are probably related to the characteristics of the learning 
sample, that is not particularly numerous for gaps of such size (Tab. 2). Furthermore, for 
both maneuvers and for the same interval size, there is clearly a greater propensity to accept 
a lag as compared to a gap. In agreement with the results of Meneguzzer and Rossi (1996), 
this means that often drivers tend to accept the first interval on the major road, in order to 
reduce the risk of a long wait. This tendency is particularly clear under heavy traffic 
volumes on the major road, and is probably reinforced by the specific geometry of the 
intersection under study. 
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Figure 4. Acceptance index as a function of interval size, interval type and turn type (global model). 

In order to test the prediction capability of the global model, we have then compared the 
decisions simulated by the model with those observed on the checking sample. In the 
simulation, a gap or lag is considered to be accepted if the value of the corresponding 
acceptance index is greater than 0.5. The results of this comparison, in terms of “right” and 
“wrong” model predictions, are shown in Table 3. 
 

 Prediction  Percent errors 
Interval size Correct(a) Incorrect (b) Total (c=a+b) By class (b/c) By class/total (b/1.294) 

>5 sec 460 31 491 6,31 % 2,40 % 
>3 sec e <=5 sec 142 36 178 20,22 % 2,78 % 

<=3 sec 601 24 625 3,84 % 1,85 % 
Total 1.203 91 1.294  7,03 % 

Table 3. Validation results for global model. 

The total error, approximately equal to 7%, suggests that the global model is able to 
replicate adequately the observed gap-acceptance behaviour. As expected (Rossi and 
Meneguzzer, 2002), the simulation capability of the model turns out to be weaker in the 
range of medium-size intervals (relative error of 20.22 %) where the uncertainty in driver 
behaviour is greater. 
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3.4 Global model vs partial models 
The performance of the global model was then compared with that of four partial models 
obtained by combining the specifications of the two objective factors, and having as input 
only the variable “size of interval” (fig. 5). The results, in terms of checking subsample data, 
are shown in tables 4, 5, 6, and 7. 

 

Figure 5. A neural network functionally equivalent to a fuzzy inference system for modelling gap-
acceptance behaviour (partial models). 

 
 Prediction  Percent errors 

Interval size Correct(a) Incorrect (b) Total (c=a+b) By class (b/c) By class/total (b/406) 
>5 sec 87 (87) 10 (10) 97 10,31 (10,31) % 2,46 (2,46) % 

>3 sec e <=5 sec 37 (37) 1 (1) 38 2,63 (2,63) % 0,25 (0,25) % 
<=3 sec 271 (271) 0 (0) 271 0,00 (0,00) % 0,00 (0,00) % 

Total 395 (395) 11 (11) 406  2,71 (2,71) % 

Table 4. Validation results for Partial model and Global model (italic). Right turn from minor, Gap. 

 
 Prediction  Percent errors 

Interval size Correct(a) Incorrect (b) Total (c=a+b) By class (b/c) By class/total (b/268) 
>5 sec 145 (145) 11 (11) 156 7,05 (7,05) % 4,10 (4,10) % 

>3 sec e <=5 sec 29 (28) 18 (19) 47 38,30 (40,43) % 6,72 (7,09) % 
<=3 sec 61 (61) 4 (4) 65 6,15 (6,15) % 1,49 (1,49)% 

Total 235 (234) 33 (34) 268  12,31 (12,69)% 

Table 5. Validation results for Partial model and Global model (italic). Right turn from minor, Lag. 

 
 Prediction  Percent errors 

Interval size Correct(a) Incorrect (b) Total (c=a+b) By class (b/c) By class/total (b/321) 
>5 sec 69 (70) 7 (6) 76 9,21 (7,89) % 2,18 (1,87) % 

>3 sec e <=5 sec 43 (43) 4 (4) 47 8,51 (8,51) % 1,25 (1,25) % 
<=3 sec 198 (198) 0 (0) 198 0,00 (0,00) % 0,00 (0,00)% 

Total 310 (311) 11 (10) 321  3,43 (3,12) % 

Table 6. Validation results for Partial model and Global model (italic). Left turn from major, Gap. 

 
 Prediction  Percent errors 

Interval size Correct(a) Incorrect (b) Total (c=a+b) By class (b/c) By class/total (b/299) 
>5 sec 158 (158) 4 (4) 162 2,47 (2,47) % 1,34 (1,34) % 
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>3 sec e <=5 sec 30 (34) 16 (12) 46 34,78 (26,09) % 5,35 (4,01) % 
<=3 sec 72 (71) 19 (20) 91 20,88 (21,98) % 6,35 (6,69) % 

Total 260 (263) 39 (36) 299  13,04 (12,04)% 

Table 7. Validation results for Partial model and Global model (italic). Left turn from major, Lag. 

The differences are seen to be modest, and indicate that the global model, in the specific 
case under study, is at least as effective as the single partial models in the simulation of the 
choice behaviour. On the other hand the partial models, by their nature, can describe in 
more detail the phenomenon under study, as indicated by the examination of the 
membership functions of the fuzzy variable of the premise (not shown here). The partial 
models are, therefore, useful when it is desired to capture specific aspects of the choice 
process. 
 
 

4 CONCLUSIONS  
 
In this paper we have focused on the effect produced by the introduction of crisp variables 
into fuzzy models of gap acceptance behaviour. To this purpose, using neuro-fuzzy system 
techniques, a global model of choice has been identified including, as inputs, one subjective 
variable and two objective factors. The simulation capability and the descriptive power of 
the global model have been compared with those of the corresponding partial models 
identified on the same data. The main results of this study can be summarized as follows:  
� the global model has shown good capability of reproducing the observed behaviour; 
� the partial models have shown a similar simulation capability, but should be preferred 

when a high level of detail in the description of subjective perceptions of fuzzy variables 
is desired. 

Further research could consider the application of the approach described in this paper to 
other types of transportation – related choice problems. 
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