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Abstract.

A method to remotely measure the mass of a vehicle could improve traffic safety by reducing the number of
overloaded vehicles on the road. This work presents a method of calculating the mass of a vehicle using ground-based
video measurements. The method uses innovative video tracking algorithms to measure the position of the vehicle
as it travels over a speed bump, and the response of its suspension system. These position and suspension response
measurements, combined with a physics-based vehicle suspension model are used to calculate the mass and position of
the vehicle’s load. The model consists of a system of second-order differential equations which describe the response
of two rigidly-coupled damped-harmonic oscillators to an input signal. The output of the model is the mass and center
of gravity of the load being carried by the vehicle, given that the suspension parameters (spring constants and damping
coefficients), and unloaded vehicle parameters (unloaded mass, center of gravity, and moment of inertia) are known.
This method was tested using an unloaded, half-loaded, and fully-loaded passenger vehicle. The results showed good
agreement between the calculated mass and center of gravity and their true values.
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1 Introduction

Overloaded vehicles increase the risk of accidents and cause premature deterioration of roads and
bridges. When a vehicle is loaded in excess of their maximum recommended limit, they can
become less stable due to an elevated center of gravity which can over-strain the on-board stability
systems, increasing the potential for rollover accidents and jack-knifing.! The braking capacity
can be significantly reduced due to overloading causing increased braking distance.! Other risks
associated with the operation of overloaded vehicles include an increased chance of a tire blowout,
and a higher likelihood of a brake fire.! Overloaded vehicles also cause accelerated wear to roads
and bridges. The relationship between vehicle weight and pavement damage has been shown to
be exponential.> Bridges can experience increased fatigue damage due to continued exposure this

repeated load.!



Traditionally, only large trucks are subjected to overloading enforcement. This enforcement is
carried out by the random weighing of trucks at static weigh stations.®> The trucks are driven onto
scales and drivers of overloaded trucks are subjected to substantial fines. This method requires
the presence of a staff and it takes significant time to weigh the truck and issue the citation to
the driver.! As a result not all trucks are weighed, which leads to more drivers pushing the limits
and driving overloaded. A method of measuring the mass of a vehicle using a ground-based, real-
time, imaging system would increase efficiency and allow overloaded vehicles to be identified
and singled out. This would reduce the costs associated with manning a weigh station, allow
appropriately-loaded vehicles to avoid unwarranted delays, and protect the public from the dangers
presented by these overloaded vehicles. This paper presents a method for calculating the mass of

a vehicle remotely using ground-based imagery.

2 Methodology

The method described in this paper uses a physics-based model of the vehicle’s suspension to
simulate the response of the suspension to an impediment (speed bump) for a range of vehicle load
masses and center of gravity locations. These simulated responses are compared to the measured
response of the vehicle to solve for the mass and center of gravity of the load. There are three
critical aspects to this method, the physics-based suspension model, the frame-position tracking
algorithm, and the wheel-tracking algorithm. This section will describe, in detail, these three

critical aspects.



2.1 Physics-Based Suspension Model

To model the suspension, the vehicle will be approximated as a rigid body, supported by two
damped springs (a simple passenger vehicle). Excitation will be introduced to the model as the
vertical position of each of the vehicle’s axles. The model will be governed by a balance of forces
equation, and a balance of torques equation that will be combined to define the position and orien-
tation of the vehicle frame at all times.

When a vehicle travels over a speed bump, the suspension responds; the springs stretch and
compress linearly in response to applied forces, and the dampers resist motion. The force applied

by each spring and damper can be described using the following equations

Fo=ks-y (1)
dy

F,o=k; —= 2

a=ka 2)

where F is the force applied by the spring, F} is the force applied by the damper, k; is the spring
constant, k, is the damping coefficient, and y is the deflection of the spring from its equilibrium po-
sition. For a two-axle vehicle traveling over a speed bump, each axle can be modeled individually
using the following balance of forces equation

d’y  dy

where m is the mass supported by the axle, and g is the acceleration due to gravity. In this expres-

sion, the spring constant represents the total spring constant for the axle (usually consisting of two



springs). The same is true for the damping coefficient.

To model the suspension of a two-axle vehicle, the front and rear axle need to be coupled
by the vehicle frame, and a method of introducing energy into the system must be defined. A
diagram of the suspension response model for a typical two-axle vehicle can be seen in Figure
1. In this diagram, y4; and y4» are the vertical positions of the vehicle axles. These vertical
positions are defined to be equal to zero when the vehicle is traveling on flat road. A positive
value for y4; or y4o would indicate a rise in the road as shown in Figure 2. The terms yz; and
yro are defined as the vertical positions of the vehicle frame at the points where the suspension
is joined to the frame (front and rear, respectively). For simplicity, these vertical positions are
defined to be equal to zero when the vehicle is traveling on flat road and the suspension spring is
in an uncompressed state as shown in Figure 3. When any load is added to the system, the springs
compress, resulting in negative values for yz; and yro. The deviation of the front suspension
spring from its uncompressed state can be calculated by subtracting y4; from yz;. Likewise, the
deviation of the rear suspension spring from its uncompressed state can be calculated by subtracting
Y42 from ypo. A positive spring length represents a stretched spring, while a negative spring length
represents a compressed spring. The term y,, is defined as the vertical position of the vehicle frame
at its center of gravity, and can be thought of as lying on a line connecting points 41 and yr at a
distance x4 from yg;. The variable d is defined as the distance between the point where the front
and rear suspensions are joined to the frame (this constant value can be assumed to be the distance
between the center of the front and rear axle). The term 6 is the angle that the line connecting
points yz1 and ygy creates from horizontal. The variables Fy, I,, and I, are the forces acting
on the vehicle’s frame due to the front suspension, gravity, and the rear suspension, respectively.

In this simplified model it is assumed that forces F}, F,

cg> and F; all act perpendicular to the flat
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Fig 1: Simplified suspension diagram for a standard two-axle vehicle
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Fig 2: Example of the front axle traveling over a rise in the road (speed bump)
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Fig 3: Example of the completely unloaded vehicle traveling over flat road (both springs are in the
uncompressed state)

The vehicle frame position can be described completely with only the vertical position of the
point on the frame where the front suspension is joined, yg1, and the angle of the frame, 6. The
vertical position of any point on the line connecting yr; and yr2 can be described as a function of

yr1 and 6.

Yro = yp1 + d - sin () 4)

Yeg = Yr1 + Teg - sin () (3)

For simplification, the small angle approximation (sin(#) = ) will be used in Equations 4 and 5.
For this model, forces can only be applied at three locations (identified in Figure 1); above each
axle, and at the center of gravity of the vehicle frame (located a distance of x., away from the front

axle). The force applied at the front axle, F7, is applied by the front suspension, the force applied



at the rear axle, F5, is applied by the rear suspension, and the force applied at the center of gravity,

F,, is the force due to gravity as shown in the following equations

Fy = ks (yar — yr1) + ka1 (ya1 — yr1) (6)
Fy = kg (yas — yro2) + ka2 (Va2 — yia) (7)
Fo=m-g (8)

where kg and kg, are the spring constants of the front and rear suspension; k4 and k4o are the
damping coefficients of the front and rear suspension, respectively, and m is the total mass of the
vehicle frame and load.

For this model, torque will be considered about the center of gravity of the vehicle frame. The
torques are defined as, 71, the torque applied by the front suspension, 7, the torque applied by the

rear suspension, and 7,, the torque applied by the force of gravity.

= _Fl * Teg (9)
Ty = FQ . (d — [L'Cg) (10)
Ty =F,-0=0 (1)



Now that the forces and torques have been defined, the balance of forces and balance of torques
equations can be expressed. Equation 12 defines the vertical acceleration of the center of gravity of
the frame as a function of the total mass of the vehicle frame and load, and the three forces acting
on it. Equation 13 defines the angular acceleration of the vehicle frame about its center of gravity
as a function of the rotational inertia of the vehicle frame, and the two non-zero torques acting on

it.

Yeg-m = F1+ Fo + F (12)

0-J=1+7 (13)

By combining Equations 4, 5 6, 7, 8, and 12, the balance of forces equation can be used to
express the vertical acceleration of the frame and load’s center of gravity in terms of the suspension
parameters (ks1, kg2, ka1, kq2), the vertical position of the vehicle frame at the point where the front
suspension is joined (yz1), the vertical position of the front and rear axles (y4; and y 42), the angle
of the frame (¢), the distance of the center of gravity of the vehicle from the front axle (x.,), the
mass of the vehicle (m), and the acceleration due to gravity (g).

Similarly, by combining Equations 4, 6, 7, 9, 10, and 13, the balance of torques equation can
be used to express the angular acceleration of the frame about the center of gravity in terms of the
suspension parameters (kg1, k2, kq1, kg2), the vertical position of the vehicle frame at the point
where the front suspension is joined (yz1), the vertical position of the front and rear axles (y4; and
y42), the angle of the frame (6), the acceleration due to gravity (g), the distance of the center of

gravity of the vehicle from the front axle (x.4), and the rotational inertia of the vehicle frame (J).



The balance of forces and balance of torques equations taken together, make up a system of
differential equations with two-dependent variables, ¥ (¢) and 0(t). If the system parameters, and
initial conditions are known, this system of differential equations can be solved for any given road
profile to simulate the suspension response as a function of time. The suspension parameters can
be estimated by vehicle type, and the road profile can be measured by tracking the vertical position
of the center of the vehicle axles. However, measuring the frame position and orientation is more
complicated. Even if the vehicle is traveling over flat road and experiencing no suspension bounce
the suspensions are still in equilibrium with the force of gravity. This means that the vehicle
frame position and orientation can only be measured relative to the static equilibrium position
and orientation. This measurement must be corrected by an offset equal to the static equilibrium
position and orientation. Fortunately, the static equilibrium position, yx1,, and orientation, 6y, can

be calculated as a function of the system parameters using Equations 14 and 15.

g-m(d—x)
= 14
yFlO d . k:sl ( )
B G-m (Teg (ks + ks2) — d - kg2) (15)

d? -k - ks

These equations for the static equilibrium position and orientation of the frame can be used to
correct the measured frame position and orientation, resulting in the absolute frame position and

orientation yz;(¢) and 6(t) as shown in the following equations

yr1(t) = yan (t) + yr1, (16)



0(t) = Ou(t) + 6o 17

where y,/1(t) is the measured position of the frame above the front axle relative to the static
equilibrium position and 0),(t) is the measured angular orientation of the frame relative to the
static equilibrium orientation. The system of differential equations can now be expressed in terms

of measurable values and suspension parameters.

0 = m <xcg Oy + yi\h) + ko1 (Y — yar) + ks2 (yann — yaz +d - Ou)

+kar (yarn — yar) + kao (yMl —Yaz+d- ‘9M> (18)

0 = J'e.].\4+k51 “Teg (Ya1 — Y1)
+k52 (yA2'xcg_yM1 xcg_dyA2+dyM1+d20M_d0M 'mcg)
+kd1 (*rcg ' yAl — Leg - y]&[l) (19)

i (eg Yo = Teg  yins — d- iz d-yiny + 0O — d- ey - Oi)

Solving Equation 19 for the angular acceleration (631) results in one of the required ordinary differ-
ential equations. Substituting the result into Equation 18 and solving it for the vertical acceleration
of the front of the frame (y,;;) results in the other. These equations for 9}-\4 and y,71 make up the

system of differential equations that can be used to model the position and orientation of the frame
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as a function of time for a given set of inputs. The measured, estimated, and unknown parameters
from the system of differential equations are listed in Table 1.

Table 1: The measured, estimated, and unknown parameters in the initial system of differential
equations

Measured Values | Estimated Parameters | Unknown Parameters
yan(t)  [m] ka  [N/m] m_ [kg]
O (t)  [rad] ks [Ns/m] Teg M
yai(t) [m] ks2  [N/m] J kg -m?
yaz(t) [m] kaz  [Ns/m?|
d_[m]

However, the unknown values defined above; m, x4, and .J are not technically the terms of interest.
The main value of interest is the mass of the vehicle’s load (m,), not the total mass of the vehicle
frame and load (m). Assuming that the unloaded mass of the vehicle frame, m is known we can
express the total mass of the vehicle, m, is simply the sum of the mass of the unloaded vehicle

frame, and the mass of the load.

m=mgy+ mg (20)

If the center of gravity of the unloaded vehicle frame (x) is known, and if both the unloaded
vehicle frame and the load are approximated as rigidly coupled point masses, the position of the

combined center of gravity, x4, can be calculated using the following equation

Mo - o+ Myp - XL,

Leg = 2D

mo + my,

where x 1s the x-axis center of gravity location of the unloaded vehicle, and x, is the x-axis center

of gravity location of the vehicle’s load.
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The rotational inertia of the loaded vehicle about its center of gravity, .J, can be approximated
as the sum of the rotational inertias of the unloaded vehicle and the load about the center of gravity,

Tcg, Of the total.

J =mg (e — x0)2 +mp (Teg — :CL)2 (22)

Substituting Equation 21 into Equation 22 results in

mo-mrp, (xo - $L)2

J = (23)

mo +mp,

Now, as shown in Equations 20, 21, and 23 the three unknown values; m, x., and J can be
expressed in terms of only two unknown values; m, and x . Substituting these into the system of
differential equations derived from Equations 18 and 19 produces the final system of differential
equations. The final measured, estimated, and unknown parameters are listed in Table 2.

Table 2: The measured, estimated, and unknown parameters in the final system of differential
equations

Measured Values | Estimated Parameters | Unknown Parameters

ymi(t)  [m] ks [N/m] my  [kg|

O (t)  [rad ks [Ns/m] xr  [m]
yai(t) [m] ko [N/m]
Yaz(t) [m] ke [Ns/m]
d_[m] mo (kg
zo  [m]

To use the differential equations to solve for the unknown parameters, the position and orienta-

tion of the frame, y,/1(¢) and ,,(t), are modeled for the observed wheel centers, y41(t) and ya2(t),

using various combinations of the unknown values, my, and x, and the results are compared to

12



the measured position and orientation, y/(t) and €,,(f). The combination of unknown values
that produces the modeled position and orientation that agrees best with the measured position and
orientation are chosen as the best estimates for the unknown values. The error in the position esti-
mation is defined by taking the root mean square of the difference between the measured position,
ya(t), and the estimated position, m, of the vehicle frame above the front axle as shown in
Equation 24. The error in the orientation estimation is defined by taking the root mean square of
the difference between the measured orientation (¢,,(¢)) and the estimated orientation (m) of
the vehicle frame, as shown in Equation 25.

To calculate the total error in the estimation, the position error must be combined with the
orientation error. Since the units are different (the position error is in units of meters and the
orientation error is in units of radians) the orientation error must be converted from radians into
the equivalent error in meters. This is done by simply scaling the orientation error by the distance,
d, between the axles. This was determined by calculating the change in position of v/ (t) by a

change in orientation 6y, () and use of the small angle approximation. Therefore the total error is

defined by Equation 26.

Ep = \/ > ((ym(t) - m>2) 4)

Eo = \/ S ((HM@ - W)Q) (25)

Eppg = ——F—> (26)
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2.2 Frame Position

In order to use the physics-based suspension response model described in the previous section,
the vehicle’s frame position and orientation need to be tracked. A custom tracking algorithm was
developed to accurately and precisely track regions on the frame of a vehicle using video collected
from a side-on view point. The custom tracking algorithm was designed to track a localized region
on a vehicle, instead of tracking the entire vehicle. This distinction is critical for the suspension
response phenomenology where the movement of the vehicle’s frame relative to the vehicle’s axle
is the observable of interest. The video tracking algorithm developed for this application is op-
timized to accurately track points on a vehicle traveling through the field-of-view of a stationary
camera. For this application, it is assumed that the frame-to-frame movement of the vehicle is
small enough to consider the difference in projective distortion between consecutive video frames
to be negligible.

The algorithm must be provided a sequence of image frames, and the location, in the first video
frame, of the region to track. The region to track is extracted from the first image, and a contrast
stretch is applied to remove shallow-gradient edges. Next, the image is converted into a binary
edge-image using a Laplacian of Gaussian (LoG) edge detector.* The LoG edge detector works
by first convolving the input image with a Gaussian kernel to remove high-frequency noise (Equa-
tion 27), and then convolving this smoothed response image with a Laplacian gradient operator

(Equation 28).* The entire process is summarized in Equation 29*

1 2+ 12

G(z,y) = N : exp—w

27)
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PG G

AG(x,y) = w + 8_3/2

(28)

Li(z,y) = (Io(2, y) * G(x,y)) * AG(2, y) (29)

where G(z,y) is a symmetric Gaussian kernel, o is the standard deviation of the Gaussian kernel,
AG(z,y) is the Laplacian gradient operator, Io(z,y) is the input image, and I (z,y) is the LoG
filtered image. The LoG filtered image, I;(x,y), is converted to an edge image by finding all of
the zero-crossings and setting them equal to one (all other points are zero). An example of this can
be seen in Figure 4. Edge-based images were found to be much more reliable for tracking than
intensity images, as they produced much sharper responses from the normalized cross-correlation,
resulting in reduced false alarms. This binary, edge image becomes the initial template. The next
image frame is loaded and a search neighborhood is defined as an n-by-n neighborhood centered
at the previous frame’s search result. An array of binary edge images is generated using a range of
contrast stretches to account for any lighting change. An example of this array is shown in Figure
5. The normalized cross-correlation of the template image and each of the images in the array are

calculated using Equation 317

Em,y [[@jay) _m [t(l’ —uY _U) _ﬂ
(Z%y [I(z,y) — L. ? Yoy [tz —u,y —v) — ﬂ2> '

v(u,v) = (30)

where I(z,y) is the input image, ¢(z,y) is the template image, I, , is the mean of the input image
in the region under the template, and ¢ is the mean of the template image. The normalized cross-

correlation of the array of images results in an array of intensity images. The magnitude of these
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cross-correlation surfaces is going to be highest at the location where the two images align, and
the peak response would represent the best match. The highest peak is selected and recorded as the
center of the tracked region in the current frame. If no acceptable match is found, the search area
is grown by 20 pixels in each of the four directions, and the process is repeated. This continues
until an acceptable match is found or the search area becomes too large (for these image sets, the
search area was deemed too large when it grew beyond 60 pixels in each direction). The maximum
size of an acceptable search will depend on the expected speed of the vehicle and the camera
parameters. Once a match is found, it will be used as the new template for the next frame. This is
done because the shape of the tracked region will change due to projective distortion as the vehicle
travels through the field-of-view of the camera. By continuously updating the template, it was
determined that one does not need to account for this projective distortion (assuming the frame-to-
frame movement of the vehicle is small). The process is repeated for each subsequent frame using
the template selected from the previous frame and continues until no acceptable match is found or
the edge of the image is reached.

As a result of continuously updating the template, one needs to track and account for the sub-
pixel misalignment that accumulates each time a new template is chosen. If we do not account for
this misalignment, the region being tracked can drift away from the true location defined in the first
frame. This potential misalignment is tracked by computing the normalized cross-correlation of
the new template, and the previous template and then fitting a sub-pixel, two-dimensional Gaussian
to the peak. The deviation of the center of the calculated Gaussian from the exact center of the
result is the amount of misalignment, which should be less than one pixel along each axis. This
misalignment is cumulatively summed from frame-to-frame for each axis, and is compensated for
each time the sum reaches an integer pixel deviation by shifting the current template. This is done

16



for both the x and y axis. Figure 6 illustrates the cumulative drift that can occur, and effectiveness

of the drift mitigation.

=

(a) (b)
Fig 4: The region to track (4a) and a edge image of the region to track (4b)

(b) (c)
Fig 5: An array of binary, edge images generated by varying the contrast stretch from mild contrast

stretch (5a) to severe contrast stretch (?7?)
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Fig 6: The amount of tracking drift in pixels without the drift correction (6a) and with the drift
correction (6b)
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2.3 Wheel Position

The final measurement needed to use the physics-based suspension response model described ear-
lier is the position of the vehicle’s wheel centers, which will be used as the road profile. A custom
tracking algorithm was developed to accurately and precisely track the center of a vehicle’s wheels
using video collected from a side-on view point. This algorithm was designed to track the center
point of a wheel traveling through the field-of-view of the camera. The algorithm must be provided
with a sequence of image frames, and the location, in the first video frame of the wheel to track. A
region around the wheel is selected from the first image, and a contrast stretch is applied to remove
shallow-gradient edges. Next, the region is converted into a binary image by thresholding. Each
connected region in the binary image is identified using flood-fill based algorithm.® The small
regions are removed from the binary image based on a size threshold. Regions not fully contained
by the area of interest (regions that touch the edge) are also removed. The convex hull is then
calculated and the area within it is filled. A LoG edge detector is applied. This results in a set
of points making up the perimeter of the region. These points are fit to the quadratic equation for
an ellipse (Equation 31) using a linear least squares method and the residual error from the least

squares method is calculated.

Az® 4+ 2By + Cy* + 2Dz +2Fy + G =0 (31)
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(d) (e) ()
Fig 7: Contrast stretched image (7a), thresholded (7b) , small regions removed (7c), edge regions
removed (7d), convex hull applied (7e), edge detector applied(7f)

This process is repeated for a range of contrast stretches and the region with the lowest residual
error (most elliptical) is selected as the best estimate for the wheel. If no acceptable match is
found, the area of interest is increased in size and the process is repeated. Once an acceptable
wheel estimate is found, the center of the region is calculated and the process is repeated for the
next video frame using a region of interest defined as a box around the wheel center from the
previous frame.

Once the axle position has been tracked across the field of view of the video camera a Gaussian-

like function is fit to the measured data. This is done so the vertical position of each axle center
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can be expressed in closed-form which is a requirement of the differential equation solver used for
this application. The Gaussian-like function that was found to best fit most axle data as the vehicle

traveled over a speed bump is

2.c4

ya1(t) = H - exp (—M> (32)

where H is the maximum height the wheel center reaches, ¢, is the time when the wheel center
reaches its peak, and c is a parameter that determines the wideness of the function. To find the pa-
rameters that best fit the measured data, MATLAB’s unconstrained multivariable optimization rou-
tine, ‘fminunc’ was used. This routine was configured to use the Broyden’Fletcher® Goldfarb’Shanno!°

(BFGS) algorithm. Once the optimal values for the parameters (H, ¢y, and c) were found, the

closed form expression was used to describe the vertical position of the front and rear axles.

3 Results

A full-scale field test was carried out to test the validity of the method, and the practicality of
the remote sensing techniques. The test was carried out at the Savannah River Site, a United
States Department of Energy facility located in Aiken, South Carolina. The test used a 2006
Honda Accord in three load conditions; the recommended maximum load, half the recommended
maximum load, and no load. A minimum of three test runs were completed for each load condition.
The test utilized an ARRIFLEX D-21 high-resolution cinematic style video camera positioned
adjacent to the path of the vehicle to collect 30 frames-per-second video at a resolution of 2880-
by-1620 as the test vehicle traveled over a speed bump.

For each test run, the video data was processed using the methods described in the previous
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section and resulted in frame position, and wheel center positions as a function of time. An example

of a processed dataset from the second field test can be seen in Figure 8.
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Fig 8: An example of the vertical front frame position (8a), rear frame position (8b), front wheel
center (8¢c), and rear wheel center (8d) extracted from the video data.

For each data set, the model described in Section 2.1 was used to generate nearly 250,000 sim-
ulations for each test run. Each simulation used a different combination of vehicle load mass and
vehicle load center of gravity. Each simulation used the same best-fit Gaussian-like approximation
of the tracked wheel centers as inputs, and used the vehicle and suspension parameters seen in

Table 3. Where m is the unloaded mass of the vehicle, x; is the x-axis distance of the vehicle’s
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center of gravity from the front wheel center (positive means towards the rear of the vehicle), Jj
is the moment of inertia of the unloaded vehicle, k; is the front suspension spring constant, kg
is the front suspension damping coefficient, k,, is the rear suspension spring constant, and kg is
the rear suspension damping coefficient. All of these parameters are required to be known for this
method of analysis to be possible. The only parameters allowed to vary during the simulations
were the mass of the load, and the center of gravity of the load. The load mass array ranged from
0 to 600 kg at step sizes of 2.7 kg and the center of gravity array ranged from 0 to 5 m at step sizes
of 0.0l m. Each generated frame response was compared to the measured frame response, and
three error values were calculated for each simulation based on the error equations from Section
2.1. The frame position error, which characterized how well the model fit the y-axis position of the
front frame position, the orientation error, which characterized how well the model fit the frame
rotation, and the average error, which combined the position and orientation errors. Heat map rep-
resentations of the averaged error can be seen in Figure 9. It should be noted that it took extensive
research and brute force calculations to find valid suspension parameters for this test vehicle. Fu-
ture work should employ field testing to measure the suspension parameters, or enlist the support

of manufacturers to generate the required database of suspension response values.

Table 3: Table of passenger vehicle parameters

Vehicle Parameter Value
mo 1430 kg
To 1.4m
Jo 2261 kg m?
ks 53,306 N/m
ka1 3555 N's/m
ko 104,640 N/m
Eao 4465 N's/m
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Fig 9: Frame position and orientation error heat maps for the unloaded, half-loaded, and fully-
loaded test vehicle. The circle represents the true value, and the X represents the measured value.
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4 Conclusions

Remotely-collected video was used to calculate the vertical position of the vehicle’s axles, the
vertical position of the vehicle’s frame, and the angular orientation of the vehicle’s frame over
time as the vehicle traveled over a speed-bump. These signals were used to calculate the mass
and center of gravity of the vehicle’s load using the method described in Section 2.1. The results
from the field test (Figure 9) show strong agreement between the calculated and true load mass and
center of gravity. The only major disagreement was in the location of the center of gravity for the
unloaded vehicle. This disagreement is inconsequential, as a mass of zero does not have a center
of gravity.

The results of this testing were very positive, however there are areas in which improvements
could be made. First, it is critical to understand the variability of the estimated vehicle parameters
by vehicle class, make, and model. For this method to be accurate, a system would need to be
in place to classify each vehicle and predict the required vehicle parameters based on this classi-
fication. It is currently unclear as to how extensive this classification system would need to be.
For this method to be effective, the video camera needs to observe the front-most and rear-most
axles of the vehicle simultaneously from a time just prior to the vehicle reaching the speed-bump
until approximately three seconds after the last axle travels over the speed bump. Additionally, the
minimum measurement resolution (based on the vehicle modeled in this study) is approximately
two millimeters. Depending on the length, and the speed of the vehicle these requirements may
not be achievable using a single video camera, but instead two synchronized video cameras may

be required.
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