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Abstract—Empirical data modeling can be used to model human performance and explore the relationships between diverse
sets of variables. A major challenge of empirical data modeling
is how to generalize or extrapolate the findings with a limited
amount of observed data to a broader context. In this paper, we
introduce an approach from machine learning, known as support
vector regression (SVR), which can help address this challenge. To
demonstrate the method and the value of modeling human performance with SVR, we apply SVR to a real-world human factors
problem of night vision system design for passenger vehicles by
modeling the probability of pedestrian detection as a function of
image metrics. The results indicate that the SVR-based model of
pedestrian detection shows good performance. Some suggestions
on modeling human performance by using SVR are discussed.
Index Terms—Human factors, human performance data analysis and modeling, night vision systems, pedestrian detection,
support vector regression (SVR).

I. I NTRODUCTION

H

UMAN performance modeling has several potential benefits for the study of human–machine interaction and
system design. Such modeling can help predict human performance, reduce cost, and guide system design. Much attention
has been devoted to this area of research [1], and a wide range
of models has been developed, from performance level (such as
models of reaction time, movement time, and detection probability) to processes underlying human performance (such as
detailed representations of cognitive processes) [2]–[6]. Human
performance models include both theoretical modeling and empirical data modeling (often called empirical modeling). Usually, theoretical modeling starts with and tests certain theories
regarding human performance or human–machine interaction,
which are then revised and refined on the basis of empirical
data. Empirical modeling, on the other hand, is usually more
data driven from the beginning and proceeds by finding the
best mathematical method to develop a quantitative function
between human performance and empirical data and variables.

Manuscript received August 27, 2008; revised December 16, 2009; accepted
June 16, 2010. Date of publication October 24, 2010; date of current version
April 15, 2011. This paper was recommended by Associate Editor A. Bargiela.
L. Bi is with the School of Mechanical Engineering, Beijing Institute of
Technology, Beijing 100081, China (e-mail: bhxblz@bit.edu.cn).
O. Tsimhoni is with the General Motors Advanced Technical Center—Israel,
Herzliya 46725, Israel (e-mail: omer.tsimhoni@gm.com).
Y. Liu is with the Department of Industrial and Operations Engineering, University of Michigan, Ann Arbor, MI 48109-2117 USA (e-mail:
yililiu@umich.edu).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TSMCA.2010.2078501

Theoretical modeling can help understand the detailed processes of human performance and human–machine interaction,
as illustrated in the development of cognitive architectures such
as adaptive control of thought—rational [6], [7] and queuing
networks [2]–[5] and some earlier models based on control
theory or information theory [8]–[10]. Comprehensive reviews
of the broad field of human performance modeling can be
seen in, e.g., [11]. In many situations, however, corresponding
theories may not exist, and thus, empirical modeling is needed
to model human performance and solve the related specific
practical problems. The approach may also offer insights into
the domain of inquiry and may serve as a basis for future theory
development.
A major challenge of empirical modeling is how to generalize or extrapolate the findings with a limited amount of observed data to a broader context. This challenge arises because
it is often impossible or impractical to collect data on all the
possible scenarios of a human–machine system application or
over the full range of possible values of a crucial design or
operational variable. Researchers and practitioners often need
to extrapolate or generalize their findings beyond the scope of
their empirical study.
In human factors, the most widely adopted method for investigating and modeling the relationships among empirical
variables is the family of linear and polynomial least squares
regression methods. These methods are widely used to analyze
empirical data and to model human performance as a function
of various variables by establishing the best fit of a model to the
observed data [12]–[16]. However, these methods have limited
ability to approximate nonlinear relationships and thus cannot
provide a good fit of the observed nonlinear data. Furthermore,
the goodness of fit in one data set does not necessarily mean the
goodness of fit in other data sets, particularly when these data
fall outside the range of the observed original data. Therefore,
mathematical techniques need to be identified or established
as more valid support for extrapolation and generalization
purposes in human factors research.
Interestingly, the field of machine learning faces a similar
challenge in its research on the relationship between training data and other nontraining data. In machine learning, in
addition to conventional regression methods, artificial neural
network (ANN) is a widely used nonlinear modeling method for
regression analysis and classification [17]–[24]. This method is
based on biological neural networks. The main advantage of
ANN as a regression analysis method is its ability to approximate a continuous function by minimizing the error in fitting
a limited amount of observed data [25]. In machine learning,
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Fig. 1. Objective functions of the parameters of (a) SVR and (b) conventional
nonlinear least squares regression and ANN.

this error is called training error, and the set of observed data is
called training data.
How do we know which method can be used to develop
the best model to approximate the real model? Since it is
impossible for us to know the real model, we cannot evaluate
these methods by comparing the developed models with the real
model. A main criterion of evaluating these developed models
is their generalization performance, which refers to a model’s
accuracy in predicting output values based on input variables of
other data (future data) rather than training data. The goodness
of fit in modeling the training data does not guarantee the
goodness of fit in other data due to the presence of noise, which
is often called overfitting [26]. In machine learning, the error of
models in predicting future data is called generalization error or
testing error.
Recently, in machine learning, a new regression method,
known as support vector (SV) regression (SVR), has been
developed and applied to help improve generalization performance [27]–[35]. SVR is an application of SV machines
(SVMs) in regression analysis. SVM is a group of supervised learning methods that can be applied to classification
or regression, and uses statistical learning theory as a general
mathematical framework with a limited amount of data [36],
[37]. Unlike conventional regression methods and ANN, SVR
develops models by minimizing the upper bound of the generalization error rather than minimizing the training error [38].
This gives SVR a greater ability to generalize (we describe an
example to illustrate the overfitting issue and this ability of SVR
in Section II-C). Improving generalization performance and
minimizing the error in fitting training data are both optimization processes, whose success depends on the characteristics of
the employed optimization functions. The objective function of
the parameters of SVR-based models is a quadratic function as
shown in Fig. 1(a), which only has one global minimum. Thus,
most optimization parameters of SVR-based models can be
searched accurately. In other words, SVR does not suffer from
the problem of “being trapped” at local minima. Compared to
SVR, the objective functions of the parameters of conventional
nonlinear regression and ANN are likely to have a shape as
shown in Fig. 1(b) and can possibly trap the search process
into a local minimum. In other words, the search process can
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possibly never find the global minimum. Table I reviews some
characteristics of the methods discussed earlier.
Generalization performance is an important factor in evaluating the different regression methods. The basic idea to
estimate the generalization performance of one method is that
testing data and training data should be different. In practice,
K-fold cross validation is widely used [39]–[42]. Generally, R2
(coefficient of determination) and root-mean-square (rms) error
(rmse) are selected as performance indicators. The greater is
the R2 value, the greater is the proportion of the variation in the
dependent variables that is explained by the models. Similarly,
the smaller is the value of rmse, the smaller is the prediction
error of the models, representing better performance.
In the following, we first introduce the basic principle of
SVR, as well as the SVR-based modeling approach. Then,
to demonstrate how to apply SVR-based modeling in human
factors research, we use SVR to model the probability of
pedestrian detection with night vision systems. Consequently,
we compare the generalization performance of the SVR-based
model with a model based on Stevens’ law, along with some
models developed with ANN, polynomial regression, and linear
regression. Finally, we discuss the importance of the SVRbased modeling approach as an option for human performance
modeling and offer some suggestions on how to use SVR to
model human performance.
II. SVR-BASED M ODELING
A. Basic Principle of SVR
Suppose that we are given a training data set
{xi , yi },

i = 1, . . . , l;

xi ∈ R d ;

yi ∈ R d

(1)

where xi is a vector of input variables and yi represents the
corresponding scalar output (target) value. The goal of SVRbased modeling is to develop a function f (x) that can accurately predict the output values based on their input variables on
future data. SVR performs the goal through finding a function
called ε-SVR function that has at most ε deviation from the
actual obtained output values for all the training data and that is
as flat as possible (for controlling the function capacity) [43].
In the case of linear functions, f (x) can be
f (x) = ω • x + b

(2)

where • denotes the dot product, ω is the weight vector, and
b refers to the constant (bias). Flatness in the case of (2) can
be achieved by minimizing the Euclidean norm of the weight
vector ω, i.e., ω. Formally, this problem can be expressed as
a convex optimization problem
1
ω2
2

yi − f (xi ) ≤ ε
Subject to
f (xi ) − yi ≤ ε.

Minimize

(3)

Sometimes, however, such a function that fits all the observed
data with ε precision does not exist. Correspondingly, the slack
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TABLE I
C OMPARISON OF E MPIRICAL M ODELING M ETHODS

formed into a dual objective function, it takes the following
form [44]:
Maximize

l


− 0.5



(αi − αi∗ ) αj − αj∗ (xi • xj )

i,j=1

+

l


yi (αi − αi∗ ) − ε

i=1

Subject to

Fig. 2. (a) Loss setting for linear SVR and (b) ε-insensitive loss function.

l


l


(αi + αi∗ )

i=1

(αi − αi∗ ) = 0

0 ≤ αi ,

αi∗ ≤ C

i=1

variables ξi and ξi∗ are introduced to address the infeasible
constraints of the optimization problem (3). SVR not only
minimizes the training error by minimizing the sum of ξi and
ξi∗ but also minimizes ω in order to increase the flatness
of the function. This optimization problem can be expressed
as [36]

1
ω2 + C
(ξi + ξi∗ )
Minimize
2
i=1
⎧
⎨ yi − f (xi ) ≤ ε + ξi
f (xi ) − yi ≤ ε + ξi∗
Subject to
⎩ ∗
ξi ,
l

(6)
where αi and αi∗ are Lagrange multipliers for the ith training
example and are gained by solving (6). Only some of the
coefficients (αi − αi∗ ) are nonzero, and the corresponding input
vectors xi are called SVs. These SVs xi and the corresponding
nonzero Lagrange multipliers αi and αi∗ give the values of
weight vector ω, which can be expressed as
ω=

l


(αi − αi∗ ) xi .

(7)

i=1

ξi ≥ 0;

C>0

By combining (2) with (7), we derive

(4)
f (x) =
where C is a constant determining the tradeoff between the
flatness of the function and the training error. This is associated
with handling a so-called ε-insensitive loss function

0,
|f (x) − y| ≤ ε
(5)
|ξ|ε =
|f (x) − y| − ε, otherwise.
Fig. 2(a) shows the loss setting graphically, and Fig. 2(b) shows
the ε-insensitive loss function. One main reason for using the
ε-insensitive loss function is that it can produce a sparse set of
SVs, which makes practical computation feasible. In contrast,
other loss functions (such as Huber, Gaussian, and Laplace
loss functions) do not produce a sparse set of SVs, making the
computation difficult, if not infeasible. A more detailed analysis
and discussion of these different loss functions can be found
in [44].
The convex optimization problem (4) can be solved more
easily in its dual form in most cases. After (4) is trans-

l


(αi − αi∗ ) (x • xi ) + b.

(8)

i=1

Also, the bias parameter b can be computed by applying
Karush–Kuhn–Tucker conditions [37]. Equation (8) is the linear model developed with this method.
However, in most practical cases, the relationship between
input variables and output values is not linear. The SVR-based
nonlinear model can be developed by simply mapping input
variables into a high-dimensional feature space F (i.e., by a
map Φ : Rd → F ) [36]. The nonlinear function is formed as
follows:
f (x) = ω • φ(x) + b.

(9)

With the same process of solving the linear function, we derive
f (x) =

l

i=1

(αi − αi∗ ) (φ(x) • φ(xi )) + b.

(10)
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However, as the input dimensions increase, the dimensions in
the feature space further increase by many folds, and thus, the
mapping process becomes a computationally infeasible problem. This problem can be dealt with by defining appropriate
kernel functions in place of the dot product of the input vectors
in the high-dimensional feature space [36]. The kernel function
is expressed as
K(x, xi ) = φ(x) • φ(xi ).

(11)

Combining (10) with (11), we derive the regression function
that takes the following general form:
f (x) =

l


(αi − αi∗ ) K(x, xi ) + b.

(12)

i=1

Currently, several kinds of kernel functions have been defined and used, such as linear functions, polynomial functions,
and radial basis functions (RBFs). Among these, the RBF, as
defined in the following, is most commonly used:
K(x, xi ) = exp −

x − xi 2
2σ 2

Fig. 3. Set of artificial data for evaluating the generalization performance of
several methods.

(13)

where 1/2σ 2 represents the width of the RBF.
More details about SVR can be found in a recent tutorial on
SVR [44].
B. Implementation Method
In practice, one does not need to solve mathematically the
complex optimization problem in order to use SVR but can
instead use software packages such as the LIBSVM software
library developed by Chang and Lin [45]. The LIBSVM (library
for support vector machines) package is used to develop SVRbased models. It uses a fast and efficient method known as
sequential minimal optimization for solving large quadratic
programming problems. The detailed procedure of developing
an SVR-based model by using the LIBSVM software can be
found in [45].
After the model is built, it can be used to predict the target value based on input variables of new data. This can be
implemented with the command “svmpredict” in the LIBSVM
package [45].
C. Example
To illustrate that the goodness of fit in the training data does
not mean the goodness of fit in other data and that SVR tends
to show a better ability to generalize, we estimated functions
from a set of artificial data shown in Fig. 3, by using linear regression, polynomial regression, ANN, and SVR, respectively.
We then employed a threefold cross validation to evaluate the
generalization performance of these different methods.
First, the collected data set was randomly divided into three
partitions (subsets). Second, three models for each of the four
modeling methods were built. Each model used two subsets of
the data as a training set by leaving out one subset each time.
Finally, the average of the errors associated with the left-out

Fig. 4. Functions developed by four regression methods on one training
data set.

subsets was used as an estimate of the generalization error,
whereas the average of the errors associated with the training
sets was used as an estimate of the training error.
RBF was used as the kernel function of SVR. By evaluating
the SVR-based model for a wide range of the width of the
RBF kernel (1/2σ 2 ), cost coefficient (C), and loss function
parameter (ε), the final parameters were determined: 1/2σ 2 =
0.1, C = 100, and ε = 1. The three models based on SVR were
then each obtained with one of the three training sets according
to these final parameters by using “svmtrain” in the LIBSVM
package. The hide function of ANN was taken as RBF for the
comparison with SVR-based models.
The three training data sets were used to build three groups
of models. Each group contains four models, built with the four
regression methods. Fig. 4 shows one group of the models.
Fig. 5 shows the generalization performance (+) and the
training performance (◦) corresponding to each method with
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Fig. 5. (+) Generalization performance and (◦) training performance of each
method.

the two performance indicators rmse and R2 (higher values of
R2 and lower values of rmse represent better performance).
As shown in Fig. 5, ANN has the best training performance.
It does not, however, have the best generalization performance.
This is because ANN has a strong ability to approximate
continuous functions by minimizing the training error, and thus,
ANN overfits the training data. Although SVR does not show
the best training performance, it has the best generalization
performance. This is because SVR can make a tradeoff between
the training error and its ability to approximate continuous
functions so as to minimize the upper bound of the generalization error rather than minimizing the training error, and
thereby avoid overfitting. Linear and polynomial regressions
show worse training performance than SVR and ANN because
they do not have enough ability to fit the training data. In
addition, linear and polynomial regressions do not have good
generalization performance in this case. One reason for this is
that, according to [26], the generalization error of the functions
is equal to or less than the sum of the training error and
a nonnegative term, and linear and polynomial regressions
show worse training performance in this case. Another possible reason is that the objective function of the parameters of
polynomial regression did find the local minimum rather than
the global minimum, as discussed in Section I.
III. M ODELING THE P ROBABILITY OF P EDESTRIAN
D ETECTION W ITH N IGHT V ISION S YSTEMS
In this section, we apply the SVR method to a real-world
human factors challenge in the context of night vision system
design and evaluation for passenger vehicles. The primary
objective of night vision systems in passenger vehicles is to
help drivers detect pedestrians in the dark [46]. In night vision
system design and evaluation, the main objective of developing
models is to help researchers estimate pedestrian detection performance without spending a significant amount of time designing experimental materials, recruiting subjects, and conducting
experiments. Because the physical characteristics of images

generated by night vision systems can be measured by imagebased metrics, which greatly impact detection performance,
pedestrian detection performance can be modeled as a function
of image metrics with these night vision systems.
Several studies have investigated modeling the relation between pedestrian detection distance and the metrics of images
generated by night vision systems. Tsimhoni et al. [47] found
a high correlation between mean detection distance and subjective rating of image clutter. Lim et al. [48] modeled the
mean detection distance based on clutter metrics of images
and found that, when the clutter metric is lower, the detection
distance to pedestrians is longer. In addition, several models
have been developed to predict the detection probability of
military targets in infrared images based on image metrics,
and these models show good performance [49]–[53]. However,
these models were developed for images in a military context
and were not focused on pedestrian detection. To better understand the probability of pedestrian detection, Bi et al. [54]
have recently developed a model of the probability of pedestrian
detection based on image metrics by using Stevens’ law as the
theoretical framework and guidance (this approach, therefore,
falls into the theoretical modeling category as described earlier
in this paper). In the following, we model the probability of
pedestrian detection as a function of image metrics using SVR
and compare the modeling results with those of the model based
on Stevens’ law and the models developed by linear regression,
polynomial regression, and ANN, respectively.
A. Image Metrics
As we mentioned earlier, the physical characteristics of
images generated by night vision systems can be measured by
image-based metrics. Generally, these image metrics include
clutter metrics, contrast metrics, and target size metrics.
1) Clutter Metrics: We selected one commonly used clutter
metric in our modeling work. The rms clutter metric, proposed
by Schmieder and Weathersby [49], is a classic clutter metric of
the spatial intensity of an image. The image considered is first
divided into N adjacent square blocks. The size of each block is
defined as twice the size of the largest target dimension. Then,
the individual intensity variances are computed for each block.
Finally, the rms clutter metric is calculated by averaging the
variances of all the blocks. The rms clutter metric is expressed
as follows:
rms =

1  2
σ
N i i

1/2

(14)

where σ is the individual intensity standard deviation within
each block.
2) Contrast Metrics: Contrast metrics measure the intensity
difference between a target and its local background. We used
one commonly used and easily calculated contrast metric,
the Doyle metric [50], which measures the differences in the
means and variances between the target and local background
intensities. It is defined as
1/2
(15)
Doyle = (μT − μB )2 + (σT − σB )2
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One frame from an FIR video clip.

Fig. 8. Generalization performance of the five methods.

Fig. 7.

One frame from an NIR video clip.

where μT and μB represent the mean intensities of the target
and of the background, respectively, and σT and σB represent
the standard deviations of the target and of the local background, respectively.
3) Target Size Metrics: A target size metric may be defined
as the square root of the number of pixels on a target (RPOT).
It is expressed as
√
(16)
RP OT = P OT
where P OT is the number of pixels on a target.
B. Collection of the Data Set
To compare the SVR-based model with the other models, we
used the same visual images and data on pedestrian detection
performance from Tsimhoni et al. [47], who examined the
relation between pedestrian detection performance and two
types of night vision systems—far-infrared (FIR) systems and
near-infrared (NIR) systems. Both FIR and NIR systems were
used in this study for the purpose of collecting images with a
wide range of image metric values as a data source to support
modeling of detection performance based on image metrics.
Of the 113 video frames collected, 62 were from FIR system video clips, and 51 were from NIR system video clips.
The video clips came from recorded images of naturalistic
driving (more details can be found in [47]). Figs. 6 and 7
show one frame from an FIR system video clip and one frame
from an NIR system video clip, respectively. By implementing
(14)–(16), the values of the metrics over all the frames were
obtained.
A total of 16 licensed drivers—eight younger (ages 21 to 30,
mean of 24, four women and four men) and eight older (ages 64
to 79, mean of 71, four women and four men)—participated in
a target task experiment. The detection probabilities associated
with all the frames were collected. In this study, detection
probability is defined as the number of subjects who correctly

indicate the presence of the pedestrian on the frame over the
number of all subjects. In other words, it is defined as the
percentage of subjects who correctly detected the presence of
a pedestrian.
The detailed procedure of the experiment is reported in [47].

C. Modeling the Probability of Pedestrian
Detection and Results
After the values of the image metrics and detection probabilities were collected, we took the rms, RPOT, and Doyle
metrics as input variables to model the probability of pedestrian
detection by using SVR and other methods.
We first used a fourfold cross validation to estimate the
generalization performance of these different methods. The
collected data were randomly divided into four partitions
(the sample amounts for each partition were 28, 28, 28, and
29). The kernel function of SVR was selected as the RBF
kernel. By evaluating the SVR-based model for the wide range
of parameters [including the width of the RBF kernel (1/2σ 2 ),
the cost coefficient (C), and the loss function parameter (ε)],
the final parameters were determined: 1/2σ 2 = 1, C = 10, and
ε = 0.15. According to the values of these parameters, the
final SVR-based model can be built with the collected data
by using the command “svmtrain” in LIBSVM. Furthermore,
we applied the fourfold cross-validation method to estimate the
performance of the models developed by Stevens’ law, linear
regression, polynomial regression, and RBF ANN.
The results of the two performance indicators of all the
models as a function of the rms, RPOT, and Doyle metrics are
shown in Fig. 8. The performance of the SVR-based model is
almost identical to, even slightly better than, that of the model
developed on the theoretical basis of Stevens’ law. The linear
regression model shows relatively good performance in this
case, very possibly because the relationship between detection
probability and the three metrics is close to linear, in contrast to
the strongly nonlinear relationship between variables shown in
the illustrative data set in Fig. 4.
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IV. C ONCLUSION
In this paper, we have described an empirical modeling
method called SVR, which can help improve a model’s generalization performance. We used SVR to model the probability
of pedestrian detection with night vision systems as a function
of image-based metrics and compared the SVR-based model
with the model developed on the theoretical basis of Stevens’
law, along with other models developed with linear regression,
polynomial regression, and ANN. The results indicate that the
SVR-based model shows the same level of performance as the
model developed on the theoretical basis of Stevens’ law and
somewhat better performance than the three empirical modeling
methods.
This is because SVR can make a tradeoff between minimizing the training error and its ability to approximate continuous
functions so as to minimize the upper bound of the generalization error. This gives SVR a greater ability to generalize.
Although SVR-based modeling and other empirical modeling methods do not typically specify the detailed processes of
human–machine interaction, the generalized predictions of human performance achieved with SVR are helpful and valuable
in supporting system design.
In practice, SVR-based modeling may be perceived for some
modelers as too difficult to use. However, several software
tools exist (such as the LIBSVM package) that can be used
quite easily for this purpose. Thus, we suggest that, for better
generalization performance in human factors modeling and
data analysis, SVR-based modeling should be considered an
important option, particularly when theoretical performance
modeling cannot be adopted due to the lack of the corresponding theories that have been satisfactorily developed. A feasible
method is to try linear regression and polynomial regression
first; if their generalization performance is not satisfactory,
SVR-based modeling can then be utilized.
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