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Abstract

Solving the exterior orientation of images is a fundamental component in photogrammetric mapping and 3D restitution processes.
Additionally, it is essential in photogrammetric tasks such as visual odometry, camera-based visual simultaneous localization and
mapping, camera calibration, camera-based 3D tracking of movement, and change detection. The aim of this research was to evaluate
whether particle swarm optimization is suitable for finding the exterior orientation parameters of a single image using image resection.
In addition, we developed a robustified particle swarm optimization by adding an iteratively changing stochastic model to the
optimization criteria by attaching a weight matrix with residual vectors. The method was compared to the solution from the least
squares method using both simulated ideal and noisy data. Solving the exterior orientation parameters reliably with particle swarm
optimization was possible after fine-tuning the algorithm's options. The non-robustified version of particle swarm optimization
provided identical results to the non-robustified least squares method. However, in the case of the robustified particle swarm
optimization, only 60% of attempts resulted in the same outcome as the corresponding robustified least squares method, with sub-
millimeter accuracy. In 40% of cases, the results achieved millimeter accuracy. The sub-millimeter accuracy was achieved in every
case with sequential robustified particle swarm optimization, where the algorithm was rerun using stricter bounds for unknown
parameters if the evaluation criteria were too large. The implementation of particle swarm optimization is easier than that of the

nonlinear least squares method. However, the computation time for particle swarm optimization was significantly longer.

1. Introduction and previous work

The exterior orientation of an image represents the position and
rotation of the camera coordinate system attached to an image
with respect to some external coordinate system. Depending on
the context, the terms spatial orientation, camera pose, extrinsic
orientation, and external orientation are also used. Solving the
exterior orientations of images is a fundamental component of
photogrammetric mapping and 3D restitution processes. In
addition, it is essential in photogrammetric tasks such as visual
odometry (Chakraborty and Verma, 2024), camera-based visual
simultaneous localization and mapping (SLAM) (Li et al., 2025),
camera calibration (Luhmann et al., 2016), camera-based 3D
tracking of movement (Ristanto et al., 2022), and change
detection (Quin et al., 2016). In addition, there are special
applications where a known exterior orientation is required. One
example is the estimation of human height from a single image
(e.g., Lee et al., 2008; Liscio et al., 2021) or from a video stream
(e.g., Ciampini et al., 2024). Another example is non-
stereoscopical gait analysis of a walking human using three video
cameras with known exterior orientations (Jensen and Juhl,
2009).

There are alternative methods for solving the parameters of
exterior orientation. Direct georeferencing sensors, such as
Global Navigation Satellite System (GNSS) combined with an
inertial measurement unit (IMU), provide a good approximate
exterior orientation in outdoor environments (Stocker et al.,
2017; Jouybari et al., 2024). A more accurate solution is achieved
through image resection if known ground control points are
available and corresponding image points are measured. In
photogrammetric tasks, an image block typically contains many
overlapping images, and the exterior orientations of all images
are solved simultaneously using a bundle block adjustment. This
adjustment is a nonlinear least squares method when the
collinearity equations are utilized as the mathematical model
(Triggs et al., 2000). Nonlinear methods require initial values for

unknown parameters, which are typically obtained using direct
methods methods (Grussenmeyer and Al Khalil, 2002).

This article focuses on particle swarm optimization, which was
introduced by Kennedy and Eberhart (1995), as it has recently
appeared in the literature as a partial replacement for the least
squares method. The algorithm is inspired by the behavior of fish
and bird swarms. There are several variants of particle swarm
optimization, and recent major advances are discussed by Zhu et
al. (2025), for example.

One of the earliest attempts to solve image orientations using
particle swarm optimization was published by Wachowiak et al.
(2004). In this research, however, particle swarm optimization
was utilized for image registration, i.e., for relative orientation.

Using epipolar geometry is a popular method for finding relative
orientation. For example, Elashry and Toth (2023) solved an
essential matrix (relative orientation) using particle swarm
optimization and compared the results with several other
optimization alternatives, namely genetic algorithm, Salp Swarm
Algorithm, Gray Wolf Optimization, and improved Gray Wolf
Optimization. Guan et al. (2021) estimated camera attitudes by
first solving the trifocal tensor with particle swarm optimization.

Li and Li (2012) applied particle swarm optimization for finding
approximate values for exterior orientation parameters of six
images. In their case, the 3D coordinates of tie points were also
unknown. Mukhopadhyay and Hati (2017) solved both the
exterior orientation and camera calibration by utilizing particle
swarm optimization. However, their mathematical model was the
direct linear transformation (Abdel-Aziz and Karara, 1971),
which is slightly less accurate than using collinearity or
coplanarity equations (El-Ashmawy, 2015). Another camera
calibration study, which includes solving the exterior orientation
of images using particle swarm optimization, is described in Li
et al. (2016). Wang and Zhang (2026) utilized particle swarm
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optimization to solve the targetless system calibration of a
mapping system that includes both a camera and LiDAR.

In Low et al. (2010), particle swarm optimization was utilized to
solve the landmark-based localization part of a SLAM system
using a stereo camera. Siddiqui and Khatibi (2014) applied
particle swarm optimization for solving visual odometry with a
single camera with the aid of tracking planar templates. John et
al. (2019) applied particle swarm optimization for system
calibration of a stereo camera-based mobile mapping system. In
addition, they utilized a multiswarm particle swarm algorithm for
visual odometry.

As this literature review illustrates, particle swarm optimization
has mostly been utilized to address more complex cases than
simply solving the exterior orientation of a single image. An
exception is Li and Zhong (2019), in which image resection was
solved for individual images. However, they used the results only
as approximate values for the nonlinear least squares method
(specifically, the Gauss-Newton method). Since exterior
orientation is a key component in many complex cases, it is
worthwhile to examine it more closely.

The aim of this research was to evaluate whether particle swarm
optimization is suitable for finding the exterior orientation
parameters of a single image using image resection. The method
was compared to the least squares method, which is typically
used in photogrammetry. In addition, we examined the
possibility of adding an iteratively changing stochastic model to
the optimization criteria of the particle swarm optimization by
integrating a weight matrix with residual vectors. In this research,
we utilized simulated data that included both ideal and noisy
cases.

2. Particle swarm optimization algorithm

Particle swarm optimization begins with initialization, where
each particle of the swarm is assigned a random position and
velocity in the parameter space. In addition, individual and global
best positions are initialized. The individual best position is
stored for each particle, representing the best position it has
visited so far. Correspondingly, the global best position
represents the best solution that any particle has found so far.

After initialization, the iterative process continues until the
objective value falls below a threshold, or the maximum number
of iterations is reached. According to Shi and Eberhart (1998),
each particle has a velocity vector (v,,¢;) and position (x,), which
are updated by the following equations:

Vet (i + 1) = Wrper (D) + hyuy (D) = 2, (1)

+ hauz (9(0) = %, (D) .

xp (i +1) = x5 (i) + vy (i +1) )

where i is the iteration index, W is the inertia weight, h; is the
cognitive coefficient, h, is the social coefficient, u, and u, are
random numbers within [0,1], p is the personal-best position
found so far, and g is the global-best position currently known
across the swarm. Eq. 1 and Eq. 2 are illustrated in Figure 1. In
principle, a weighted sum of the current velocity and the direction
vectors toward the personal-best (cognitive part) and global-best
(social part) positions produces a new velocity vector, which then
updates the particle’s position.
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Figure 1. A 2D illustration of updating the velocities and
positions of particles in particle swarm optimization.

3. Materials and methods
3.1 Creation of simulation data

Two simulated datasets were created. The first dataset includes
ideal image observations and the corresponding 3D points. The
second dataset uses the same 3D points, but noise was added to
some of the image observations. However, half of the image
observations were left unchanged to retain a connection to the
known ideal exterior orientation parameters.

The camera parameters were selected to simulate a DJ3 Air
medium-tele camera with a camera constant of 70 mm, an image
size of 8064x6048 pixels, and a pixel size of 2.4 micrometers.
For the first dataset, the image observations were chosen to form
a regular grid over the image at 1000-pixel intervals (48 points in
total). The exterior orientation parameters were set in a local
coordinate system as X, = 4000 m, Y, = 5000 m, Z, = 100 m,
omega = 10 degrees, phi = 15 degrees, kappa = 20 degrees.

Using this information and the collinearity equations (Eq. 3), the
corresponding 3D object points were generated for each image
observation. The collinearity equations can be written as:

( _an(X —Xo) + ap(Y —Yp) +ai3(Z — Zo)
az1(X —X,) + az (Y —Y,) + as3(Z — Z,)

Ay (X —Xo) +ap(Y —Y,) +a(Z—-2,) (3)

az1 (X —X,) + az(Y —Y,) + as3(Z — Z,)

y=-c

Parameter c is the camera constant (X,,Y,, Z,) is the location of
the projection center expressed in the ground coordinate system,
elements a,; ... asz are from the 3D rotation matrix, (X,Y,Z) is
a 3D object point, and (x, y) is the corresponding image point. In
this form, Eq. 3 assumes that the origin of the image coordinate
system is located at the principal point.

The desired Z coordinate was randomly generated for each point
within the range [20 m, 40 m]. The X and Y coordinates were
estimated using particle swarm optimization in MATLAB
(Figure 2). The implementation, utilizing the particleswarm
function with default parameters, achieved a 100 % success rate.
The results were confirmed by projecting the created 3D points
onto the image plane using the collinearity equations.

Next, noise was added to the image observations. Half of the
image points were randomly selected. The x and y coordinates of
these selected points were independently distorted using a
uniform distribution over the range [-2, 2] pixels. This is a typical
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range when natural feature points are measured from images. In
Figure 3, the magnitude and directions of the created errors are
illustrated. The figure also reveals the distribution of the modified
image points.

Figure 2. An illustration of the camera and the 48 generated 3D
points. Note that the coordinate system demonstrates only the
directions of the coordinate axes, while the origin is chosen

arbitrarily.
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Figure 3. The locations of the distorted image observations were
randomly selected, covering half of the points. The distortions
were scaled by a factor of 200 to improve visibility.

3.2 Solving exterior orientation parameters with the least
squares method

Since the results of particle swarm optimization are compared
with the least squares method with observation equations (3D
points are assumed to be constants), the latter is presented first.
In addition, our implementation of particle swarm optimization
uses the same objective function, i.e., minimizing the sum of
squared errors. In cases where noise or outliers are expected, the
objective function can be changed to minimize the weighted sum
of squared errors. The nonlinear least squares method is a typical
choice in photogrammetry for solving problems where no direct
solution exists due to the nonlinear nature of the collinearity
equations and observational noise.

The collinearity equations (Eq. 3) serve as the mathematical
model. Each image observation yields two equations in a system
of equations that constitutes a nonlinear functional model. A
Taylor series expansion is applied to linearize the functional
model, leading to the following matrix-vector representation:

y = Ax ()

in which y includes residuals computed as the observed image
coordinates minus those computed from the collinearity
equations using the current initial parameter values, A is the
Jacobian matrix including the partial derivatives of the
collinearity equations with respect to the unknown parameters,
and x is the parameter correction vector.

The optimization objective is to minimize the sum of squared
errors (S(x)).

min{S(x)} = min{(Ax — y)"(Ax - y)} (5)
This leads to the following solution:
x=(ATA) 14Ty (6)

The solution is iterative. Each unknown parameter requires an
initial value, which is stored in the exterior orientation parameter
vector E. At iteration k, E is updated using the solution from Eq.
6.

Eyr1=Ep +x (M

Iterations can be terminated when the corrections (x) are
sufficiently small.

In the least squares method, the initial values of unknown
parameters must be sufficiently close to the true values to ensure
convergence to the correct solution. To find good initial values,
a linear method is preferred. In our case, the pyramid method
(Kraus, 1997, pp. 48 - 55) was applied to obtain the initial values.

If the data includes noise, a stochastic model can be added to the
least squares method via the weight matrix P. In that case, the
new minimization criteria is

min{(Ax —y)"P(Ax = y)}, ()
which leads to the least squares solution
x = (ATPA)1ATPy. 9)

In this research, iteratively reweighted least squares, i.e.,
robustified least squares, was applied to noisy data. In our case,
the weights in the matrix P, which initially start as an identity
matrix, were updated after each iteration according to the
following function (Figure 4):

F) { 1 if lv|<b (10)
V) =

e~al=b) if |y| > b

The parameter b is a threshold and v is the image residual, i.e.,
the difference between observed and estimated image points.
Parameter a affects the strength of suppression. In practice, this
function keeps the weights of points with small residuals intact
and lowers the weights of points with large residuals.
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Figure 4. An illustration of the weight update function.

The parameter b was set to 0.05 pixels. After examining the
effect of varying parameter a, we set a to 10 because the number
of required iterations were the lowest (Figure 5) and no
significant difference in 3D location error was observed (Figure
6).
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Figure 5. The effect of parameter a on the number of iterations
required for the robustified least squares solution using
simulated noisy data.
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Figure 6. The effect of parameter a on the 3D location error is
practically insignificant within the presented range,
although a small decreasing trend is detectable. However,
when a exceeds 16.4, the error suddenly rises above 3.6
mm. This is not visualized, as it would obscure the small
changes.

3.3 Solving exterior orientation parameters with particle
swarm optimization

Particle swarm optimization for solving exterior orientation
parameters was implemented in MATLAB R2025a. MATLAB
provides the function particleswarm, which enables solving
problems by means of particle swarm optimization. As input, it
requires metrics about the error that the suggested parameters
cause. In this case, the known 3D points were projected onto the
image plane with the collinearity equations (Eq. 3) using the
current exterior orientation parameters (approximate until the
solution is found), giving estimates of image points.
Fundamentally, we selected the very same optimization criteria
as with the least squares method, i.e., the sum of squared error
(S) computed from a residual vector (v), leading to the following
metrics
S=vTy (11)

The particleswarm solver with default parameters led to a 100%
failure rate. In this case, a failure means that the solution is not
even close to the correct one, but the algorithm has stuck in a
local minimum. To solve this problem, the options of the
particleswarm function were tuned. First, parameters were
changed manually to find the first successful combination. After
that, the parameters were examined one at a time by
systematically changing their values and running the algorithm
25 times for each case.

Figure 7 reveals that by increasing the lower bound of the
adaptive inertia, the number of failures reaches zero at 0.7, which
was therefore selected. Examination of the upper bound of the
adaptive inertia (Figure 8) led to the selection of value 1.1. The
value of the self-adjustment weight was set to 0.15, which was
the lowest value that resulted in no failures (Figure 9). The
examination of the social adjustment weight (Figure 10) did not
reveal a clear trend. From the parameter values that did not cause
failures, the value 0.2 was selected because the mean error was
slightly smaller than with other values. However, in practice, the
difference in such error was insignificant.
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Figure 7. The effect of the lower bound of the adaptive inertia
(exploration) on the number of failures.
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Figure 8. The effect of the upper bound of the adaptive inertia
(exploitation) on the number of failures.
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Figure 9. The effect of self-adjustment weight (personal best) on
the number of failures.
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Figure 10. The effect of social adjustment weight (global best)
on the number of failures.

For the noisy data, we further developed the implementation to
meet the optimizing conditions of the robustified least squares. In
this case, the error metrics were adjusted to use a stochastic
model, specifically incorporating a weight matrix (P):

Sweighted =v'Pv (12)

We refer to this version as robustified particle swarm
optimization. To adapt this condition to the particle swarm
algorithm, some additional steps were necessary. The particle
swarm method does not guarantee that the suggested exterior
orientation parameters will always decrease the sum of squared
error, but the computation can temporarily lead to a worse
solution. We updated the values of the weight matrix P using the
same function (Eq. 10) as in the case of robustified least squares.
A threshold for starting the update of P was applied to ensure that
updating did not start too early, which could lead to incorrect
weights. In our case, we set the threshold for the sum of squared
errors to 70. If the data includes noise, this threshold cannot be
too strict. Additionally, the update of the P matrix was permitted
only if the current sum of squared errors was smaller than any
previous sum of squared errors. Because convergence to the
solution is much slower with particle swarm optimization than
with the least squares method, the value for parameter a needs to
be much smaller (Figure 11). In our case, the value 0.01 was
selected to ensure a robust solution, even though the computation
time significantly increased (Figure 12). Lower and upper limits
for planimetric locations were set to [0, 6000], and for elevation
to [0, 110]. These parameters were not specifically tested but
were intended to simulate a scenario where the location is not
well known. Lower and upper limits for angles were set to [0, 65]
degrees. If the upper limit of the angles was increased beyond
this, the solution failed. The number of particles in the swarm was
set to 2000. A smaller swarm size resulted in failures.
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Figure 11. The effect of parameter a on the mean 3D location
erTor.
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Figure 12. The effect of parameter a on computation time (25
runs).

Furthermore, we examined sequential robustified particle swarm
optimization. In this approach, the sum of squared error from the
was thresholded. If its value exceeded the selected threshold of
0.1, the algorithm was rerun with a new swarm size, as well as
updated lower and upper bounds. The swarm size was reduced to
200 due to the smaller search range. The lower bounds were
derived from the previous solution in such way that, for angles,
the lower bound was the angle minus 0.0001 and for coordinates,
the lower bound was minus 0.01. The upper bounds for angles
were the angle plus 0.0001, and for coordinates, they were plus
0.01.

4. Results

Both methods found the correct exterior orientation parameters
with an accuracy of six decimals when ideal data was used.
Therefore, these results are not presented. Instead, the results
obtained using noisy data are listed in Table 1. Unlike the least
squares method, particle swarm optimization yields slightly
different solutions each time. Therefore, the best and worst cases
out of 25 attempts are highlighted if there were any differences.
While robustified particle swarm optimization showed a
noticeable variation in accuracy, the sequential robustified
particle swarm optimization method ensured the optimal
solution.

The mean values and standard deviations of each location and
rotation error for robustified particle swarm optimization with
noisy data are presented in Table 2 and Table 3, respectively.
This confirms that most of the solutions are close to the optimal
solution.

X Y Z | 3D | Omega Phi Kappa

(mm) |(mm) | (mm) | (mm)| (deg) (deg) | (deg)

LS -2.81 2.2 |-53]6.4 [-0.0009 | -0.0012 | 0.0023
LS -0.11 0.0 | 0.0 | 0.1 | 0.0000 | -0.0001 | 0.0000
PSO, best | -2.8| 2.2 |-5.3] 6.3 | -0.0009 | -0.0012 | 0.0023
PSO, worst | -2.8 | 2.2 |-5.3| 6.4 | -0.0009 | -0.0012 | 0.0023
rPSO, best | -0.1] 0.0 | 0.0 | 0.1 | 0.0000 | -0.0001 | 0.0000
rPSO, worst | 0.2 [-1.9|-2.0] 2.8 | 0.0002 | -0.0019 | -0.0020
stPSO -0.11 0.0 | 0.0 | 0.1 | 0.0000 | -0.0001 | 0.0000

Table 1. Differences between estimated and known image
locations with noisy simulated data (LS = Least squares
method, rLS = robustified LS, PSO = particle swarm
optimization, rPSO = robustified PSO, srPSO = sequential
rPSO).
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X Y V4 Omega Phi Kappa
(m) (m) (m) (deg) (deg) (deg)
-0.0001 | -0.0004 | -0.0004 | 0.0004 | 0.0000 | -0.0001

Table 2. Mean differences between estimated and known image
rotations for the robustified particle swarm method with
simulated noisy data.

X Y z Omega Phi Kappa
(m) (m) (m) (deg) (deg) (deg)
0.0001 0.0005 | 0.0006 | 0.0005 | 0.0002 | 0.0001

Table 3. Standard deviations of differences between estimated
and known image rotations for the robustified particle swarm
method with simulated noisy data.

5. Discussion

Implementing particle swarm optimization is significantly easier
than implementing the nonlinear least squares method, because
there is no need to compute the partial derivatives needed for the
Jacobian matrix. A particle swarm optimization implementation
using the non-robustified sum of squared error as the optimizing
criteria produced results very similar to the corresponding least
squares method. Even though the results in Table 1 show no
variation in differences along each coordinate axis, particle
swarm optimization does not give exactly the same result when
it is rerun. A small variation is seen in the 3D differences, where
the best case shows a 6.3 mm difference in location and the worst
case 6.4 mm. However, it can be said that, in our case, the camera
location obtained by particle swarm optimization has sub-
millimeter accuracy when compared with the least squares
method. As expected, neither method could find the correct
exterior orientation when applied to noisy data.

Adding a stochastic model (weight matrix) to both the robustified
least squares method and robustified particle swarm optimization
significantly improved the results. The authors did not find any
publication presenting a similar approach using the particle
swarm optimization. The least squares method achieved sub-
millimeter absolute location accuracy despite noise in data.
Particle swarm optimization achieved the same accuracy at best.
However, there was visible variation in the results, and the worst
case had an absolute 3D location error of 2.8 mm. Given that the
distance from the image to the 3D points was approximately 60—
80 meters, simulating the DJ3 Air medium tele camera, even the
worst solution is relatively good. If Table 2 and Table 3 are
examined, it can be seen that in most cases the solution is close
to the best solution and only in some cases is it less accurate. For
example, out of 25 runs, 15 cases (i.e., 60%) produced a solution
very close or identical to the best case. In 10 cases, the solution
was less accurate, but not all were close to the worst case.

One possible reason for such variation is the slow iteration, which
might allow the elements of the weight matrix P to drift toward
a non-optimal result. The parameter a in robustified particle
swarm optimization needed to be 0.01, i.e., allowing only small
changes, before the results become close to those from the
robustified least squares method with sub-millimeter accuracy
(see Figure 11). Whether the optimal solution was found seemed
to be random. However, the cause was not thoroughly
investigated. We tried resetting the elements of the weight matrix
P when the error was smaller than a given threshold, but that did
not completely eliminate the problem. Therefore, we examined
sequential robustified particle swarm optimization. As can be
seen from Table 1, the sequential robustified particle swarm
method produced the same result as the robustified least squares
method each time. However, this method requires a threshold for
the output parameter that describes the sum of squared errors. In

our case, we had some ideally accurate points and some noisy
points making thresholding easy. In reality, however, all points
may have noise, in which case determining a suitable threshold
can be more difficult.

Particle swarm optimization is not an especially fast method for
finding a solution. The execution time is highly dependent on the
number of unknown parameters, the variable bounds, and the
number of swarm members. In our case, the solution required up
to 2200 iterations. However, the number of iterations varies
significantly depending on how the initial locations of the swarm
members happen to be placed in the parameter space. Therefore,
the computing time can also vary randomly. While the least
squares method, together with a direct method to find
approximate values of the unknown parameters, took only
seconds, particle swarm optimization could take minutes. For
example, in our case, the average computation time with the
robustified particle swarm optimization was 251 seconds (4 min
11 s) for solving the exterior orientation of one image. The
sequential particle swarm optimization increased the
computation time by only approximately 5 seconds, because the
swarm size was significantly smaller in the second computation
round. However, when the parameter bounds are wide, a larger
swarm is needed to reliably find a solution.

The particleswarm function in MATLAB can be run in a parallel
mode (CPU). We did not test that, but using parallel processing
should reduce the computation time. As an example, Zhuo et al.
(2023) reported that a speedup ratio of 2000 times can be
achieved in some special cases with a GPU-based parallel
implementation.

The reliability of the particle swarm method varied. In the case
of creating simulation data, only two unknown parameters
needed to be solved. This was an easy and fast task, and there
were no failures even with the default parameters. In the case of
solving exterior orientation parameters with particle swarm
optimization, the first experiments failed completely. Tuning the
options was essential in order to achieve a 100% success rate
when the algorithm was run 25 times with the same options and
bounds. However, it was indeed possible to find settings that led
to a 100% success rate.

In our case, the search area for location was set quite large, i.e., a
6000 x 6000 m planimetric area with a height range between 0
and 110 m, simulating a situation where the location is not well
known. Using such a large search area forced us to apply a large
swarm. In addition, the search range for angles needed to be
limited between [0, 62] degrees. We also conducted experiments
to see whether stricter location bounds would allow increasing
the angle range. Indeed, when the planimetric bounds were set to
cover only a 200 x 200 m area including the correct location, and
the elevation bounds were set to [50, 110], a 100% success rate
was still achieved with an angle range of [0, 152] degrees. If the
rotation bounds were [0, 180] degrees, there were 20 successful
and 5 failed cases out of 25. In principle, the sequential method
could be modified to solve cases in which success is possible by
rerunning the algorithm repeatedly with the original parameters
until at least the close solution is found. However, this would
significantly increase computing time in the event of failures.

6. Conclusions

In this paper, the suitability of particle swarm optimization for
solving the exterior orientation parameters of a single image was
examined using simulated data. When the sum of squared errors
was set as the optimization criteria in particle swarm
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optimization, it was possible to find a set of settings that led to a
100% success rate with both ideal data and noisy data. Success
in this case means that the estimated exterior orientation
parameters were very close to the correct solution. The results
were similar to those of the least squares solution.

In a robustified particle swarm method, a stochastic model was
included in the optimization criterion by adding a weight matrix.
The weights were iteratively updated based on the residuals. As
a result, points that do not agree with the majority receive very
small weights, diminishing their impact on the solution. In this
case, however, only 60% of attempts produced the same result as
the corresponding robustified least squares method, with sub-
millimeter accuracy. In other cases, the result was close, but only
with millimeter accuracy.

Finally, a sequential robustified particle swarm method was
examined, in which the algorithm was rerun if the sum of squared
errors was higher than expected. The swarm size was reduced,
and the bounds of the unknown parameters were set near the
solution from the first round. This enabled all attempts to find the
same result as the robustified least squares method, with sub-
millimeter accuracy.

To conclude, solving exterior orientation parameters reliably and
accurately was possible after fine-tuning the algorithm’s options.
In the case of robustified particle swarm optimization, the
sequential version was necessary to achieve the best accuracy.
Implementation with particle swarm optimization is much easier
than with the traditional nonlinear least squares method, which
also requires a direct method to obtain approximate values for the
unknown parameters. However, the computing time with particle
swarm optimization was significantly higher.
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