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Abstract

To address the challenges of the large-scale georeferencing of tower-based cameras and
the limited capability of video-based spatial analysis, we proposed a geospatial mapping
method integrating 3D GIS and gradient descent optimization. Using a Digital Elevation
Model (DEM), high-resolution remote sensing imagery, and tower-based video data as
the primary data sources, the proposed method first estimates the intrinsic parameters
of the tower-based camera by aligning a 3D GIS virtual camera with the video imagery.
Subsequently, the initial camera extrinsic parameters are estimated using the PnP algorithm
based on the previously estimated intrinsic matrix K and the corresponding control point
pairs. Building upon these initial estimates, the camera intrinsic and extrinsic parameters
are jointly optimized using a constrained L-BFGS-B framework that incorporates prior
knowledge of the tower planar location, explicit box constraints, and a semi-constrained
parameterization scheme with bounded parameter ranges. Furthermore, an outlier-removal
and re-optimization strategy is employed to further improve the accuracy of parameter
estimation. Finally, the optimized parameters are employed to transform image coordinates
into three-dimensional world coordinates, and video geospatial mapping is achieved
through the integration of colored point clouds with the 3D GIS scene. The results showed
the following: (1) The 3D GIS scene constructed from publicly available DEM and high-
resolution remote sensing imagery met the requirements for the initial estimation of intrinsic
and extrinsic camera parameters. (2) Compared with PnP, RANSAC-PnP, SQPnP, and
DLT, the proposed method achieves lower reprojection and 3D spatial errors. For the
independent check points, the RMSE of the reprojection error is reduced by 66.4%, 73.6%,
68.0%, and 48.3%, respectively, while the RMSE of the 3D spatial error is reduced by 84.6%,
86.2%, 83.1%, and 69.4%, respectively. These results demonstrate that the proposed method
provides reliable camera parameter estimates for video geospatial mapping. (3) Using the
estimated camera parameters, image coordinates are transformed into 3D world coordinates
to generate a georeferenced colored point cloud, which facilitates integrated analysis with
existing geospatial datasets. The proposed method provides a feasible solution for tower-
based camera georeferencing and three-dimensional visualization under conditions without
field calibration. It offers a theoretical and technical basis for geospatial monitoring and
related applications.
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1. Introduction
With the rapid development of information and communication technologies, Earth

observation approaches have undergone profound transformations, and the representa-
tion of geographic information is evolving from traditional static maps toward dynamic,
real-time, and fine-grained paradigms [1]. In recent years, large-scale camera networks
have been widely deployed in fields such as smart cities, cultivated land protection, pre-
cision agriculture, and disaster emergency responses, gradually becoming a new type
of infrastructure for geospatial information acquisition. Meanwhile, video monitoring
applications have expanded from conventional security surveillance to natural scene and
geographic process observation, providing new data support for the fine-grained and
real-time management of natural resources [2].

Large-scale deployments of tower-based cameras are typically equipped with optical
zoom capabilities of several tens of times, enabling effective long-range observation and
supporting real-time video monitoring of natural resources over spatial extents of several
kilometers, as illustrated in Figure 1. However, surveillance video adopts a perspective
imaging model, which differs substantially from the orthographic view representation
commonly used in traditional geospatial data. This discrepancy poses significant challenges
for the integration and synergistic analysis of the two data types. To address this issue, many
researchers have explored the integration of video and GIS, aiming to fuse video data with
traditional maps and remote sensing imagery. In general, this line of research has evolved
from symbolic representation to geospatial mapping, and further to three-dimensional scene
fusion. Early studies primarily displayed video data on maps as point symbols or field-of-
view symbols, enabling positioning, retrieval, and management [3]. Subsequently, research
attention shifted toward the mutual mapping between video and geospatial data, aiming
to achieve bidirectional transformation between image coordinates and two-dimensional
and three-dimensional geospatial coordinates. Representative methods mainly include the
homography method, the multi-plane constraint method, and the camera model-based
method. Among them, the homography and multi-plane constraint methods can achieve
the transformation of one or multiple planar regions in video imagery into geospatial
coordinates [4,5]. The camera model-based method requires known intrinsic and extrinsic
camera parameters, and performs bidirectional conversion between pixel coordinates and
geospatial coordinates through the intersection of viewing rays with a three-dimensional
model [6]. The key to this approach lies in camera calibration, for which the direct linear
transformation (DLT) [7] and perspective-n-point (PnP) methods are commonly used [8,9].
This process is highly dependent on high-precision camera parameters. Large-scale tower-
based cameras are usually installed at elevated positions under diverse terrain conditions.
Owing to historical deployment practices, such large-scale devices generally lack high-
precision parameters, making field georeferencing and calibration difficult to implement,
while substantially increasing the workload and cost of on-site measurements. Therefore, if
publicly available geospatial data can be fully utilized to replace field surveys for large-scale
camera georeferencing, the associated costs can be effectively reduced. Meanwhile, existing
studies that project video textures onto 3D GIS environments [10] have primarily focused on
orthorectified video map generation and real-time visualization. However, they generally
do not facilitate a systematic estimation and optimization of the camera intrinsic and
extrinsic parameters for tower-based cameras, nor do they establish a complete calibration
framework tailored to video geospatial mapping. This limitation restricts the support
for subsequent high-precision spatiotemporal analysis and the reuse of video-derived
geospatial data.
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Figure 1. Schematic illustration of tower-based video monitoring.

To this end, in response to the demand for the collaborative integration of large-scale
tower-based camera video and GIS, this study proposes a video geospatial mapping method
integrating 3D GIS and gradient descent optimization. The proposed method consists of
three major components, namely intrinsic parameter estimation of the tower-based camera,
joint optimization of intrinsic and extrinsic camera parameters, and video geospatial
mapping. The core of the method lies in achieving optimized camera calibration based on
the correspondence between video image coordinates and 3D GIS world coordinates. On
this basis, video frames are further transformed into colored point clouds, forming a new
type of geospatial data that can be jointly analyzed with existing geospatial datasets.

2. Related Work
2.1. Camera Calibration

Camera calibration is the process of estimating a camera’s intrinsic and extrinsic
parameters and constitutes a critical step in video geospatial mapping. The accuracy of
parameter estimation directly determines the accuracy and stability of the mapping results.

Traditional camera calibration methods mainly rely on geometric imaging models and
explicit constraint solving, and can generally be categorized into template-based methods,
active vision methods, and self-calibration methods. Template-based methods establish
the correspondence between three-dimensional control points and two-dimensional image
points by using calibration references with known geometric parameters, and perform
joint or stepwise estimation of the camera’s intrinsic and extrinsic parameters by minimiz-
ing the reprojection error. Representative methods include Zhang’s calibration method
based on a checkerboard calibration board [11], the Tsai two-step method [12], and the
Heikkilä–Silvén four-step method [13]. Active vision methods estimate the intrinsic and
extrinsic parameters by actively controlling the motion of the camera or platform to gen-
erate modellable movements [14], such as methods based on self-calibration theory for
moving cameras [15] and calibration based on three orthogonal translational motions [16].
Self-calibration methods estimate camera parameters solely by exploiting the geometric
consistency constraints among multi-view images in the absence of known calibration
objects or external measurement references. Representative examples include the self-
calibration method based on the absolute quadric [17], the Kruppa equation-based self-
calibration method [18], and the stratified self-calibration method under varying intrinsic
parameters [19]. Although traditional camera calibration methods generally exhibit strong
interpretability and high accuracy, they still suffer from several limitations, including
a strong dependence on calibration conditions and prior information, high sensitivity to
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noise and initial values, limited cross-scene transferability, and high maintenance costs in
large-scale dynamic applications.

The above limitations have driven camera calibration to evolve from a static, man-
ually guided geometric solving paradigm toward an intelligent paradigm character-
ized by data-driven, targetless, and online optimization approaches. These approaches
mainly include deep learning-based parameter regression calibration methods, targetless
geometry–learning hybrid calibration methods, and joint optimization methods based on
differentiable rendering and neural scene representations. In 2018, Schneider et al. [20] pro-
posed the RegNet learning-based extrinsic calibration framework, which directly regressed
the LiDAR-camera extrinsic parameters through a convolutional neural network, thereby
demonstrating the feasibility of data-driven approaches for cross-modal calibration under
targetless conditions. In 2021, Lv et al. [21] proposed the LCCNet method, which intro-
duced feature correspondences and cost-volume modeling into the LiDARcamera extrinsic
estimation process, thereby improving calibration accuracy and robustness in complex
scenes. In 2023, Liao et al. [22] conducted a systematic review of learning-based camera cali-
bration and established a unified task classification framework covering the pinhole model,
distortion model, cross-view, and cross-sensor calibration tasks, thereby providing a unified
analytical paradigm for data-driven calibration research. In 2024, Tan et al. [23] proposed
a classification framework for LiDAR-camera learning-based extrinsic calibration methods,
dividing them into AEPE and REPP categories, and summarized the development trends of
targetless extrinsic estimation in terms of methodological mechanisms, applicable scenarios,
and performance boundaries. In 2026, Jung et al. [24] introduced a joint optimization mech-
anism integrating neural Gaussian scene representation and differentiable rendering under
targetless conditions, and proposed the TLC-Calib framework to improve the robustness
and generalization capability of extrinsic calibration in complex scenes. Despite the advan-
tages of intelligent camera calibration in terms of automation and adaptability to complex
scenarios, such methods still face common challenges, including a strong dependence on
high-quality data and annotations, insufficient cross-device and cross-scene generalization,
and limited model interpretability. Meanwhile, targetless cross-modal alignment remains
constrained by limited robustness in dynamic and weak-texture scenes, while the high
computational cost of joint optimization methods, such as differentiable rendering, further
restricts their engineering deployment and large-scale applications.

2.2. Video Geospatial Mapping

The essence of video geospatial mapping lies in establishing the mapping relationship
between image pixel coordinates and two-dimensional and three-dimensional geospa-
tial coordinates, thereby enabling the positioning, overlay, and spatiotemporal analysis
of video information within a GIS environment. At present, video geospatial mapping
methods mainly include the homography matrix method, automatic matching method,
multi-plane constraint method, camera model-based method, line-of-sight and DEM inter-
section method, and three-dimensional mapping method.

The homography matrix method and the automatic matching method do not require
the estimation of camera parameters. Zhang Xingguo et al. [25] researched the mutual map-
ping between surveillance video and two-dimensional geospatial data, and constructed
the transformation relationship between the image plane and the geographic plane using
a homography matrix solution based on corresponding control points. The results showed
that this method achieved satisfactory mapping efficiency and practical applicability in
scenes with relatively small terrain variations. Shao et al. [26] proposed a matching method
for projecting vector data onto surveillance video in the context of cultivated land moni-
toring. By establishing a mapping model based on the feature correspondences between
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image and geospatial data, the method enabled the automatic localization of geographic
features in video imagery. The findings indicated that this approach reduced the need for
manual point selection and improved the level of automation in practical applications. The
homography matrix method relies on no fewer than four pairs of corresponding control
points and is suitable for approximately planar scenes; however, errors tend to accumulate
when the terrain relief is significant or when the camera tilt angle varies considerably. The
automatic matching method can reduce labor costs, but it still suffers from mismatching
under cross-view, cross-modal, and weak-texture conditions, and its stability is highly
dependent on the matching quality and the outlier rejection strategy.

By contrast, multi-plane constraint methods, camera model-based methods, line-of-
sight and DEM intersection methods, and three-dimensional mapping methods require
accurate intrinsic and extrinsic camera parameters. Zhang et al. [27] conducted research
on orthorectified video map generation using a multi-plane constraint and 3D GIS view-
matching method. The results showed that, compared with single-plane mapping, this
method more effectively alleviated geometric distortions in complex scenes and improved
mapping consistency. Milosavljević et al. [28] researched surveillance video georegistration
using a camera model-based parameter estimation method. Their results demonstrated
that explicitly solving the camera position, orientation, and field-of-view parameters could
effectively improve the stability and accuracy of the transformation from pixel coordinates
to geographic coordinates. Han et al. [29] investigated the extraction of spatiotemporal
information from surveillance video targets using a line-of-sight and DSM/DEM intersec-
tion method, and the findings indicated that terrain elevation constraints enhanced target
geolocation capability, although the method performance was highly sensitive to the accu-
racy and resolution of elevation data. Liu Zhendong et al. [30] researched the integration
of 3D GIS scenes and multi-source video data using a three-dimensional mapping and
multi-coordinate transformation method. The results showed that this method enabled
the rapid positioning and collaborative visualization of multiple video objects within a 3D
scene, although it required high-quality camera parameters and three-dimensional models.

In summary, with respect to camera calibration, neither traditional geometric methods
nor intelligent approaches can be readily extended in a low-cost and stable manner to
complex terrains and large-scale networks of elevated tower-based cameras. How to
achieve high-precision, low-cost, and sustainably updatable parameter estimation for large-
scale tower-based cameras under small-sample conditions remains a critical issue that
urgently needs to be addressed. With regard to video texture projection, although existing
methods can achieve satisfactory visualization performance, they are still not well suited
for spatiotemporal analysis.

3. Research Methodology
To meet the demand for the high-precision geospatial mapping of large-scale tower-

based camera videos, this study proposes a tower-based camera geospatial mapping
method integrating 3D GIS and gradient descent optimization. The overall technical
workflow is shown in Figure 2.

The proposed method consists of three major components, namely intrinsic parameter
estimation of the tower-based camera, joint optimization of intrinsic and extrinsic parame-
ters, and video geospatial mapping. The primary data sources used in this method include
digital elevation model (DEM), high-resolution remote sensing imagery, and tower-based
video data. First, the 3D GIS view window size is proportionally configured according to
the resolution of the tower-based video frames, and the intrinsic parameter matrix K of the
tower-based camera is calculated in combination with the estimated extrinsic parameters of
the 3D GIS virtual camera. Second, under the condition that K is known, the initial values
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of the extrinsic parameters are solved using the PnP method based on the corresponding
control point pairs selected from the 3D GIS scene and the tower-based video. In addition,
planar position constraints of the tower-based camera are introduced, and the intrinsic and
extrinsic parameters are further optimized using a constrained gradient-based method.
Finally, the optimized intrinsic and extrinsic parameters are used to configure the synchro-
nized 3D GIS view, thereby achieving the spatial mapping and georeferencing from video
frames to colored point clouds.

Constrained-Gradient 
Optimization of Camera Intrinsic 

and Extrinsic Parameters

Selection of Control-Point 
Coordinate Pairs

DEM

High-resolution 
Remote-Sensing 

Imagery

3D GIS Window 
Size Setting

Estimation of Tower-Based 
Camera Intrinsic Matrix K

PnP-Based Estimation of 
Tower-Based Camera 

ExtrinsicsAcquisition of 
tower-camera planar 

position

3D GIS

Tower-camera intrinsic 
and extrinsic parameters

Conversion of Video Frames to 
Colored Point Clouds

Transformation of Video-Frame 
Pixel Coordinates to World 

Coordinates

Initial Estimate of 
3D GIS Virtual 

Camera Extrinsics

Intrinsic Parameter Estimation of  Tower-Based Camera 

Video Geospatial Mapping

Tower-Based 
Video

Optimization of Tower-Based Camera Intrinsic and Extrinsic Parameters

Figure 2. Overall methodological framework of the proposed video geospatial mapping approach.
The blue, green, and orange shaded regions denote different stages of the framework, and arrows
indicate the processing flow among the modules.

3.1. Intrinsic Parameter Estimation of Tower-Based Camera

The intrinsic parameters of the tower-based camera include the principal point, the
principal distance, and the distortion coefficients d, as defined in Equation (1), where k1,
k2, and k3 denote the radial distortion coefficients, and p1 and p2 denote the tangential
distortion coefficients.

d = {k1, k2, k3, p1, p2} (1)

Lens distortion is inherently present in practical imaging systems. However, for the
natural-scene monitoring applications considered in this study, tower-based cameras are
typically installed on high towers (generally exceeding 20 m in height). Owing to historical
deployment conditions, accurate information regarding the camera model, lens specifi-
cations, and factory calibration parameters is often unavailable. In addition, conducting
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on-site intrinsic calibration using standard calibration targets is generally impractical for
such installations, making the reliable estimation of lens distortion parameters difficult.
Therefore, this study focuses on engineering scenarios in which prior camera information is
unavailable. Under this assumption, a zero-distortion pinhole camera model is adopted as
an approximation, whereby all distortion coefficients are set to zero and are excluded from
the subsequent optimization process. Based on this model, the camera intrinsic parameters
are estimated by integrating the 3D GIS scene with tower-based video observations. The
resulting intrinsic matrix is primarily parameterized by the principal point coordinates
and focal length and is represented in the form of a 3 × 3 matrix. This intrinsic matrix is
subsequently used as the initial intrinsic parameter estimate for both the PnP-based pose
initialization and the constrained gradient-based optimization procedure.

3.1.1. 3D GIS Window Size Setting

3D GIS refers to a geographic information system that integrates multi-source
geospatial information, such as terrain elevation and remote sensing imagery, into
a three-dimensional visualization scene, thereby supporting the representation, retrieval,
and analysis of the spatial locations, geometries, and their relationships in the real world.
Let the resolution of the current frame of the tower-based video be W × H, and its aspect
ratio be denoted as α, as defined in Equation (2). By proportionally configuring the 3D
GIS view window according to α, the aspect ratio of the 3D GIS view window can be kept
consistent with that of the tower-based video frame, thereby avoiding the interference of
geometric distortions introduced by non-uniform scaling, as shown in Figure 3.

α = W/H (2)

Maqiao Village 1
Maqiao Town, Rucheng County

2026-02-02 (Mon) 
17:46:36

 
(a) (b) 

Figure 3. 3D GIS view size configuration. (a) Video frame; (b) 3D GIS view.

3.1.2. 3D GIS Virtual Camera Extrinsic Parameter Estimation

The extrinsic parameters of the virtual camera in the 3D GIS environment mainly
include the camera position (Xvir, Yvir, Zvir), tilt angle (Tilt), azimuth angle (Azimuth), and
roll angle (Roll). First, the planar coordinates of the camera (Xvir, Yvir) are obtained from
high-resolution remote sensing imagery. Let Dh denote the tower height and H0 represent
the ground elevation at the camera location derived from the DEM. The camera elevation
Zvir is then calculated using Equation (3). Subsequently, the extrinsic parameters of the
virtual camera are adjusted to align the current tower-based video frame with the 3D
GIS view, thereby achieving an initial coarse registration between the two. Specifically,
stable features that are clearly identifiable in both the video frame and the 3D GIS scene,
such as road intersections and building edges, are selected as reference targets. Under
the constraint of the tower location, the virtual camera position is further refined within
a limited range, while the azimuth, tilt, and roll angles are iteratively adjusted to ensure that
the spatial relationships of the reference features in the 3D GIS scene correspond as closely
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as possible to those observed in the video frame. This procedure establishes an initial
alignment between the video and the 3D GIS view.

Zvir = H0 + Dh (3)

3.1.3. Tower-Based Camera Intrinsic Parameter Estimation

The intrinsic parameters of the tower-based camera mainly include the principal point
and the principal distance f. According to the image dimensions (W, H) of the tower-based
video frame, the principal point

(
Cx, Cy

)
is located at the image center. After the video

frame had been matched with the 3D GIS scene as described in Section 3.1.2, the field of
view (FOV) was obtained, and the initial value of the principal distance f was calculated
using Equation (8), where fx ≈ fy was generally assumed. Subsequently, the camera
intrinsic matrix K was constructed from the principal distance f and the principal point(
Cx, Cy

)
. This intrinsic matrix served only as the initial parameter for the subsequent PnP

solution and constrained optimization, while the final camera intrinsic parameters were
jointly estimated during the optimization process.

Cx = W/2 (4)

Cy = H/2 (5)

d =

√
(W)2 + (H)2 (6)

FOVrad = FOV·π/180 (7)

fx ≈ fy = f = d/2 tan(FOVrad/2) (8)

3.2. Optimization of Tower-Based Camera Intrinsic and Extrinsic Parameters
3.2.1. Acquisition of the Planar Position of the Tower-Based Camera and Control Point
Coordinate Pairs

The acquisition of coordinate data mainly includes the extraction of the planar position
coordinates of the tower-based camera and the construction of corresponding control point
pairs. The former can be obtained by determining the planar location of the tower-based
camera in the coordinate system from high-resolution remote sensing imagery, while the
latter is achieved by selecting corresponding feature points from tower-based video frames
and extracting their image coordinates, which are then matched with the corresponding
three-dimensional geographic coordinates in the 3D GIS scene, thereby establishing the
correspondence between image coordinates and 3D world coordinates, as shown in Figure 4.
For a given point in the tower-based video frame, its pixel coordinates are denoted as
Pi(ui, vi). The corresponding 3D geographic coordinate is denoted as Gi(Xi, Yi, Zi), which
is retrieved from the 3D GIS environment.

Gi (Xi,Yi,Zi)Pi (ui,vi)
Maqiao Village 1

Maqiao Town, Rucheng County

2026-02-02 (Mon) 
17:46:36

 
Figure 4. Acquisition of corresponding control point coordinate pairs.
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3.2.2. Tower-Based Camera Extrinsic Parameter Estimation Using the PnP Method

Under the condition that the intrinsic parameters of the tower-based camera are
known, this study adopts the Perspective-n-Point (PnP) method to estimate the extrinsic
parameters of the camera. First, based on the 3D GIS scene and the tower-based video
frame, six or more pairs of control points are selected to obtain the corresponding 3D
world coordinates and pixel coordinates, respectively. Let the 3D world coordinate of the
i-th control point be denoted as Gi =

[
Xi, Yi, Zi]

T , and its corresponding pixel coordinate
be denoted as Pi =

[
ui, vi]

T . The standard optimization form of the PnP method can be
formulated as the minimization of the sum of squared reprojection errors over all control
points, as defined in Equation (9).

min
R,t

∑N
i=1 ∥ Pi − P̂i ∥

2
2 (9)

3.2.3. Constrained Gradient Optimization of Camera Intrinsic and Extrinsic Parameters

Although the traditional PnP calibration method can estimate the camera extrinsic
parameters from known corresponding control point pairs, it is difficult to obtain accurate
solutions for the intrinsic and extrinsic parameters in large-scale scenes with complex
terrain. To improve the estimation accuracy and robustness, this study employs a scene-
constrained L-BFGS-B optimization framework initialized with PnP estimates. By jointly
optimizing the camera intrinsic and extrinsic parameters and incorporating an outlier-
removal and re-optimization strategy, the proposed method further enhances the accuracy
of parameter estimation for tower-based cameras. The proposed method mainly consists of
three major processes, namely constraint formulation and parameterization, objective func-
tion construction and iterative optimization, and residual outlier removal with secondary
optimization, as shown in Figure 5.

The first step is constraint design and parameterization. Under the condition that
the correspondence between the corresponding control point pairs and reasonable initial
values, such as the intrinsic matrix K, the planar position priors (Xs, Ys), the principal
point (u0, v0), and the PnP-based initial extrinsic parameters are known, a constrained
nonlinear optimization model is constructed with the minimization of reprojection error
as its core objective. The boundary constraint mechanism consists of two levels. The first
imposes constraints on the focal length and camera orientation parameters. Specifically,
the focal length is subject to box constraints, with its allowable range defined to cover
plausible imaging scales while preventing non-physical solutions. The orientation angles
are constrained within bounded intervals to ensure the validity of the rotation parameters
and to avoid ambiguities arising from angular periodicity. The specific parameter bounds
are listed in Table 1. During optimization, the L-BFGS-B algorithm enforces these bound-
ary constraints, ensuring that all iterations remain within the feasible parameter space.
The second component adopts a semi-constrained parameterization strategy. The camera
planar position (Xs, Ys) and principal point coordinates (u0, v0) are fixed throughout the
optimization process. The camera planar position is obtained from high-resolution remote
sensing imagery, while the principal point is assumed to coincide with the image center.
In addition, the constraint fx = fy = f is imposed in accordance with the square-pixel
assumption of the pinhole camera model. By incorporating reliable scene priors while re-
ducing the number of unknown parameters, this strategy decreases parameter correlations
and alleviates the ill-posedness of the optimization problem, thereby improving solution
stability and robustness under conditions with a limited number of control points. Under
the aforementioned constraints and parameterization scheme, the parameter vector to be
estimated is denoted by θ, as defined in Equation (10), where Ze denotes the optimized
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camera elevation in the Web Mercator coordinate system, and A, T, and R represent the
Azimuth, Tilt, and Roll angles, respectively.

θ = [Ze, f , A, T, R]T (10)

Figure 5. Workflow of the joint optimization of intrinsic and extrinsic parameters for tower-based
cameras using constrained L-BFGS-B and outlier re-optimization.

The second step is objective function construction and iterative optimization. The
optimization is performed using the limited-memory Broyden–Fletcher–Goldfarb–Shanno
algorithm with box constraints (L-BFGS-B), where the normalized Euclidean norm of the
pixel reprojection residuals over all control points is adopted as the objective function, as
defined in Equation (11), where π(Gi; θ) denotes the projection function jointly defined
by the intrinsic matrix, the distortion model, and the attitude rotation parameters. As
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described in Section 3.1, the distortion coefficients are fixed to zero and excluded from the
optimization throughout the entire parameter estimation process.

minθ F(θ) =
1
N

√
∑N

i=1 ∥ π(Gi; θ)− ui ∥2
2 (11)

Table 1. Parameter bounds and constraints for the constrained optimization.

Parameter Description Lower Bound Upper Bound

Ze(m) Camera elevation None None
fx = fy = f (px) Focal length 500 5000
Azimuth (rad) Azimuth angle −π π

Tilt (rad) Tilt angle −π π
Roll (rad) Roll angle −π π

At the k-th iteration, the algorithm constructs a low-rank approximation of the inverse
Hessian matrix based on the current parameter θk, its numerical gradient, and the historical
gradient difference information, thereby obtaining the quasi-Newton search direction
dk. After the step size αk is determined through a line search procedure, the boundary
feasibility operator ΠB(.) is applied to ensure that the parameters satisfy the box constraints,
as defined in Equation (12). Accordingly, the parameter vector θ is estimated and updated
collaboratively along a unified search direction rather than by component-wise descent
with fixed step sizes, until the gradient norm and the variation of the objective function
satisfy the convergence criteria.

θk+1 = ΠB(θ
k + αkd

k
) (12)

Numerical gradients are computed using the finite-difference method, and the default
line-search strategy of the L-BFGS-B solver is employed. To ensure sufficient convergence
of the optimization process, the maximum number of iterations is set to 10,000, while the
gradient convergence tolerance and objective function convergence tolerance are set to
1 × 10−8 and 1 × 10−12, respectively. Because all the optimization parameters are confined
to physically reasonable and finite ranges through box constraints, no additional parameter
normalization or scaling transformation is applied during the optimization process. The
optimization settings are summarized in Table 2.

Table 2. L-BFGS-B optimization settings.

Parameter Value

Gradient computation Finite-difference gradient
Maximum iterations 10,000
Gradient tolerance 1 × 10−8

Function tolerance 1 × 10−12

Scaling None

The third step is residual removal and secondary optimization. After the first optimiza-
tion converges, the reprojection residuals of all control points are calculated. To suppress
the influence of gross errors, the control point corresponding to the maximum residual is
removed, and a second optimization is performed under the same initial conditions. This
process further improves the stability and accuracy of the intrinsic and extrinsic parameter
estimation, and outputs the final optimized intrinsic and extrinsic parameters after the
secondary optimization. It should be noted that the control point exhibiting the largest
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reprojection residual is not necessarily an erroneous observation. Rather than explicitly
classifying such a point as an outlier, the objective of this strategy is to mitigate the in-
fluence of high-residual observations on the optimization process, thereby enhancing the
robustness of the estimated camera parameters.

3.3. Video Geospatial Mapping
3.3.1. Transformation from Video Frame Pixel Coordinates to 3D World Coordinates

Based on the optimized intrinsic and extrinsic parameters of the tower-based camera,
let a pixel point p = (u, v) in a video frame Framei with width W and height H. Under the
camera coordinate system Oc − XcYcZc and the world coordinate system Ow − XwYwZw,
a spatial ray X(λ) is emitted from the camera optical center and passes through the pixel
point. The intersection of this ray with the DEM or Mesh model yields the corresponding
3D world point Pw, thereby establishing a mapping relationship between pixel coordinates
and 3D coordinates based on line-of-sight projection, as shown in Figure 6.

Figure 6. Video frame pixel-to-3D coordinate transformation.

Let the homogeneous pixel coordinate corresponding to the pixel point p be denoted
as p′ = [u, v, 1]T ; according to the zero-distortion pinhole imaging model, p can be regarded
as the intersection point of a viewing ray with the image plane under the camera coordinate
system Oc − XcYcZc. By applying the inverse intrinsic transformation to p′, the direction
vector of the corresponding viewing ray in the camera coordinate system can be obtained
and subsequently normalized, as defined in Equation (13).

dc =
K−1 p′

∥K−1 p′∥
(13)

where K denotes the optimized intrinsic matrix, and dc represents the unit direction vec-
tor from the camera optical center to the pixel point p in the camera coordinate system.
Next, the rotation matrix R is used to transform dc into the world coordinate system
Ow − XwYwZw, thereby obtaining the corresponding viewing direction vector dw of the
pixel point p in the world coordinate system. Taking the optimized camera position as the
starting point and dw as the direction, a spatial ray parametric equation X(λ) is constructed,
which originates from the camera optical center and passes through the pixel point p, as
defined in Equations (14) and (15), where λ denotes the ray parameter along the viewing
direction, C represents the camera center position in the world coordinate system, and
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R denotes the rotation matrix constructed from the camera attitude angles. Finally, the
intersection point between the ray and the ground surface is computed in the 3D GIS
scene using the DEM or Mesh model, yielding Pw = (X, Y, Z), which represents the 3D
coordinate corresponding to the pixel point p. By applying the above transformation to
each pixel of the entire video frame, the mapping from full-frame pixel coordinates to 3D
coordinates can be completed.

dw = RTdc (14)

X(λ) = C + λdw, λ > 0 (15)

3.3.2. Transformation of Colored Point Clouds from Video Frames

The transformation of colored point clouds from video frames is achieved by projecting
each pixel along its camera viewing ray onto the 3D ground surface and assigning the
corresponding color attributes. Let a video frame be denoted as Framei. For each pixel
point, the first valid intersection point Pw between its spatial ray and the DEM or Mesh
model is computed. The RGB color values of the corresponding pixel P(u, v) from the video
frame are then assigned to Pw, thereby generating a colored point Pwc. After traversing all
pixel points in the entire frame, a colored point cloud is obtained, as shown in Figure 7.

Figure 7. Generation of colored point clouds from video frames.

4. Experiments and Analysis
4.1. Experimental Environment and Data

The experimental hardware environment of this study consisted of a 13th Gen Intel(R)
Core (TM) i7-13620H processor, 32 GB RAM, and an NVIDIA GeForce RTX 4060 Laptop
GPU (8 GB). The software and programming environment included ArcGIS Pro 3.5.2 and
Python 3.11.

In terms of data, the tower-based camera video used in this study was collected
from a region in Hunan Province, China, where the terrain is mainly characterized by
mountainous areas and flat land. The 3D GIS scene was constructed using ArcGIS Pro
3.5.2, integrated with the Esri terrain service, 0.5 m resolution Esri online high-resolution
remote sensing imagery, and a 30 m resolution digital elevation model (DEM). The video
frame was selected from a tower-based video sequence captured from a single viewing
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perspective without zoom operations, with a spatial resolution of 1920 × 1080 pixels. Based
on this dataset, 29 sets of corresponding control point pairs were collected. Combined with
prior information, including the planar coordinates of the tower location, these data were
used to perform camera intrinsic and extrinsic parameter optimization and subsequent
video geospatial mapping experiments.

The experimental data were collected under stable meteorological conditions to mini-
mize the effects of illumination variations and visibility fluctuations on camera calibration
accuracy. In addition, the Web Mercator projection was adopted as the horizontal coor-
dinate reference system, while elevations were referenced to the geoid and expressed as
orthometric heights. This configuration ensured that the control points, camera poses, and
3D scene were processed and analyzed consistently within a unified spatial reference.

4.2. Experimental Analysis
4.2.1. Intrinsic Parameter Estimation of the Tower-Based Camera

For the tower-based camera A used in the experiment, the intrinsic parameters were
estimated according to the method described in Section 3.1, where the main parameters
include the focal length f and the principal point (Cx, Cy). Given that the resolution of the
video frame is 1920 × 1080, its aspect ratio α is 1.777. To ensure consistency of the field of
view, the size of the 3D GIS view window was adjusted to 960 × 540, thereby maintaining
the same aspect ratio as the video frame. Subsequently, the pose parameters of the virtual
camera were adjusted so that the 3D GIS view window was synchronized with the video
frame view, as shown in Figure 8.

Figure 8. Synchronization between the camera video frame and the 3D GIS view: (a) video frame;
(b) 3D GIS view.

After view synchronization was completed, the extrinsic parameters and field of view
(FOV) of the virtual camera corresponding to the current 3D GIS scene were obtained. The
detailed parameters are listed in Table 3.

Table 3. Estimated parameters of the virtual camera.

Xvir (m) Yvir (m) H0 (m) Dh (m) FOV (deg) Tilt (deg) Azimuth (deg) Roll (deg)

12,645,882.33 2,946,735.07 615.98 83.00 60.13 −10.00 344.87 0.00

In this experiment, the principal point was initialized as the image center, i.e.,
(Cx, Cy) = (960.00, 540.00). According to the FOV values listed in Table 3, the focal
length was calculated as f = 1902.70 px based on the zero-distortion pinhole imaging model.
Accordingly, the estimated intrinsic matrix of the tower-based camera is denoted as K, as
given in Equation (16).
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K =

1902.70 0 960.00
0 1902.70 540.00
0 0 1

 (16)

4.2.2. Intrinsic and Extrinsic Parameter Optimization of the Tower-Based Camera

To estimate the intrinsic and extrinsic parameters of the tower-based camera, corre-
sponding control point pairs were established using 2D image points extracted from the
current video frame and their corresponding 3D world points, yielding a total of 29 control
points. Specifically, the image points Pi(ui, vi) were manually selected from the video
frame, while the corresponding 3D world points Gi(Xi, Yi, Zi) were obtained from the 3D
GIS scene.

The selection of control points followed the principles of stability, distinctiveness, and
spatial uniformity. Feature points with clear geometric characteristics were selected within
the area covered by the tower-based video, including road intersections and intersections
of field boundaries. Their spatial distribution is shown in Figure 9.

Figure 9. Corresponding control points in the video frame and 3D GIS view.

Among the 29 control points, 12 were selected as calibration points for optimizing the
intrinsic and extrinsic parameters of the tower-based camera, while the remaining 17 were
used as independent check points for accuracy assessment. The complete control point
dataset and its partitioning scheme are presented in Table 4.

Table 4. Pixel and 3D world coordinates of corresponding control points.

Pt Set Pixel u Pixel v Web Mercator X Coordinate (m) Web Mercator Y Coordinate (m) Elevation (m)

1 CAL 507 477 12,645,543.96 2,947,292.20 600.96
2 CHK 75 1009 12,645,713.27 2,946,929.08 589.82
3 CAL 632 858 12,645,757.43 2,946,999.92 591.29
4 CAL 681 759 12,645,738.34 2,947,052.38 592.42
5 CAL 1103 785 12,645,821.54 2,947,062.77 592.56
6 CAL 1527 620 12,645,896.69 2,947,212.60 598.85
7 CAL 1467 681 12,645,888.16 2,947,157.65 596.43
8 CHK 1636 841 12,645,918.06 2,947,062.04 593.80
9 CAL 598 411 12,645,486.46 2,947,452.05 607.84

10 CHK 1033 1017 12,645,833.91 2,946,968.98 590.65
11 CAL 55 787 12,645,646.13 2,946,991.44 591.53
12 CAL 1033 719 12,645,799.76 2,947,097.17 594.21
13 CHK 1159 555 12,645,793.53 2,947,256.33 598.94
14 CAL 672 995 12,645,783.50 2,946,961.57 590.70
15 CHK 56 451 12,645,349.06 2,947,280.10 601.67
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Table 4. Cont.

Pt Set Pixel u Pixel v Web Mercator X Coordinate (m) Web Mercator Y Coordinate (m) Elevation (m)

16 CAL 1263 513 12,645,809.91 2,947,334.33 600.90
17 CAL 752 383 12,645,519.61 2,947,551.23 611.95
18 CHK 893 807 12,645,788.99 2,947,038.17 592.31
19 CHK 598 222 12,645,218.30 2,947,921.93 685.02
20 CHK 1364 849 12,645,873.05 2,947,044.46 592.59
21 CHK 1191 576 12,645,805.35 2,947,239.21 598.51
22 CHK 422 767 12,645,698.17 2,947,024.27 592.13
23 CHK 1405 425 12,645,841.34 2,947,582.82 608.42
24 CHK 428 342 12,645,400.51 2,947,446.30 629.89
25 CHK 1182 119 12,645,577.97 2,948,309.25 777.32
26 CHK 274 353 12,645,346.63 2,947,406.17 629.30
27 CHK 1283 345 12,645,747.20 2,947,858.34 624.59
28 CHK 568 281 12,645,302.29 2,947,734.42 649.02
29 CHK 1402 257 12,645,786.71 2,948,225.78 672.85

Based on the estimated camera intrinsic matrix K and the 12 control point pairs used for
tower-based camera calibration, the initial camera extrinsic parameters were first estimated
using the PnP method. The resulting parameters are listed in Table 5.

Table 5. Initial camera parameters used for optimization.

Parameter Value

Zinit(m) 707.76
f _init(px) 1902.70

Azimuth (deg) −18.89
Tilt (deg) 79.11
Roll (deg) 0.79

Subsequently, the planar coordinates of the tower location (Xs, Ys) obtained from the
Esri high-resolution online imagery in ArcGIS Pro were incorporated as prior information,
with coordinates of (12,645,889.09, 2,946,768.35). Meanwhile, following the constraint
mechanisms described in Section 3.2, a constrained L-BFGS-B optimization approach,
together with an outlier rejection strategy, was employed to jointly optimize the camera
intrinsic and extrinsic parameters. The final optimized parameters are presented in Table 6.

Table 6. Optimization results of tower-based camera parameters.

Ze (m) Azimuth (deg) Tilt (deg) Roll (deg) f (px)

695.97 −18.19 79.28 1.22 1680.60

4.2.3. Video Geospatial Mapping Results

After obtaining the optimized intrinsic and extrinsic parameters of the tower-based
camera, the camera settings were applied to further adjust the 3D GIS view. By integrating
the current video frame with the corresponding 3D GIS scene, a colorized point cloud was
generated, as shown in Figure 10. The point cloud coordinates were derived from the 3D
GIS scene, while the color information was assigned from the video frame.

To further evaluate the spatial consistency of the video geospatial mapping results
at the local scale, several representative regions were selected from the overlay of the
generated colored point cloud and the 3D GIS scene for detailed visual comparison, as
shown in Figure 11.
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Figure 10. Visualization of the 3D GIS view, colored point cloud, and their overlay. (a) 3D GIS
view; (b) colored point cloud generated from the corresponding video frame; (c) overlay of the
two. All visualizations were rendered from a local 3D scene in ArcGIS Pro using a perspective
projection; therefore, a fixed map scale does not accurately represent the spatial extent within the
three-dimensional visualization.

Figure 11. Local comparison of overlay results. The center panel shows the overall overlay result,
with six representative regions highlighted by red rectangles. Subfigures (a–f) present enlarged
views of representative areas, including (a) forest areas, (b) buildings, (c) slopes, (d) water bodies,
(e) farmland, and (f) roads. All visualizations were rendered from a local 3D scene in ArcGIS Pro
using a perspective projection; therefore, a fixed map scale does not accurately represent the spatial
extent within the three-dimensional visualization.

Each subfigure shows a comparison between the colored point cloud and the corre-
sponding 3D GIS scene within the same spatial extent. The qualitative results indicate that
linear and areal features with strong geometric constraints, such as roads, field bound-
aries, and building outlines, exhibit good spatial correspondence in both position and
overall orientation across the study area. Compared with roads and field boundaries, the
mapping consistency of forested areas and buildings is relatively weaker at finer spatial
scales. This discrepancy may be attributed to the complex and repetitive texture patterns
of tree canopies, the limited representation of height and façade information in the 3D
scene, and the restricted spatial resolution of the video imagery. Overall, at a coarse spatial
scale, the distribution of mapped features derived from the video frame remains largely
consistent with the corresponding regions in the 3D GIS scene. These observations provide
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intuitive evidence supporting the reliability of the estimated camera parameters and the
effectiveness of the proposed video geospatial mapping approach.

Video geospatial mapping not only is used for the visualization of individual frames
but, more importantly, enables the real-time projection of dynamic image information
acquired by tower-based cameras into a unified three-dimensional geographic coordinate
framework. This capability allows results from different acquisition times to be analyzed
and compared within a common spatial reference system. Figure 12 presents a temporal
comparison of local details from the video geospatial mapping results for the same area,
providing an intuitive representation of parcel-scale temporal variations and generating
multi-temporal datasets with explicit geospatial references.

Figure 12. Temporal comparison of local details in video geospatial mapping results for the same
area. Rows (a–c) correspond to three different time periods (T1, T2, and T3). Columns show the full
scene (left), Region A (middle), and Region B (right). Red and yellow boxes in the full scene indicate
the locations of the corresponding enlarged regions. All visualizations were rendered from a local 3D
scene in ArcGIS Pro using a perspective projection; therefore, a fixed map scale does not accurately
represent the spatial extent within the three-dimensional visualization.

To a certain extent, these results demonstrate that the proposed camera parameter
estimation and video geospatial mapping workflow can effectively organize multi-temporal
video information within a GIS environment and facilitate its integration with other geospa-
tial datasets. Consequently, the proposed approach provides a foundation for applications
such as crop monitoring, field management, and land-cover dynamics analysis by sup-
porting the generation, organization, and visualization of georeferenced multi-temporal
video data.

4.2.4. Comparison of Video Geospatial Mapping Accuracy Among Different Methods

To compare the performance of different calibration methods in camera parameter
estimation and video geospatial mapping, comparative experiments were conducted using
a common initial intrinsic matrix K and the same set of 12 calibration points. The evaluated
methods included PnP, EPnP, RANSAC-PnP, DLT, SQPnP, and the proposed method.
The evaluation metrics comprised reprojection error and 3D spatial error, for which the
maximum error, mean error, and root mean square error (RMSE) were calculated at both
calibration points and check points. For all methods, camera parameters were estimated
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exclusively from the 12 calibration points, whereas the 17 independent check points were
reserved solely for validation. The camera parameters estimated from the 12 calibration
points are presented in Table 7, and the corresponding comparison of reprojection errors
among different methods is reported in Table 8.

Table 7. Camera parameters estimated by different methods.

Method K
Required?

Initial f
(px)

Initial
Principal Point

(px)

Solved f
(px)

Solved
Principal Point

(px)

Estimated Camera
Position

(Xe, Ye, Ze) (m)

Estimated Camera
Pose

(Azimuth, Tilt, Roll)
(deg)

PnP Yes 1902.7 (960,540) 1902.7 (960,540) 12,645,910.57,
2,946,724.42, 707.77

−18.90◦, 79.12◦,
0.79◦

RANSAC-
PnP Yes 1902.7 (960,540) 1902.7 (960,540) 12,645,918.60,

2,946,707.55, 714.50
−19.15◦, 78.92◦,

0.10◦

EPnP Yes 1902.7 (960,540) 1902.7 (960,540) 12,645,585.51,
2,947,660.48, 711.68

160.48◦,75.27◦,
179.54◦

DLT No ✗ ✗
1725.5 ( fx)
1460.8 ( fy) (1065,350) 12,645,934.81,

2,946,764.32, 723.38
−17.17◦,84.34◦,

1.61◦

SQPnP Yes 1902.7 (960,540) 1902.7 (960,540) 12,645,914.84,
2,946,721.75, 707.56

−19.26◦, 79.25◦,
0.59◦

Ours Yes 1902.7 (960,540) 1680.6 (960,540) 12,645,889.10,
2,946,768.36, 695.97

−18.19◦, 79.28◦,
1.22◦

“✗” indicates unavailable or non-estimable parameters under the corresponding method. For DLT, the focal
lengths fx and fy are derived from the decomposition of the estimated projection matrix P and are therefore
reported separately. For the remaining methods, the square-pixel assumption ( fx = fy = f ) is adopted, and
a single focal length parameter f is reported.

Table 8. Comparison of reprojection errors (in pixels) among different methods.

Method RMSE_CAL Mean_CAL Max_CAL RMSE_CHK Mean_CHK Max_CHK

PnP 14.73 12.85 25.14 31.40 27.78 57.61
EPnP 747.07 463.13 2023.33 2018.02 1451.90 4834.39

RANSAC-PnP 25.33 16.77 71.83 40.05 31.09 106.01
DLT 7.34 6.32 13.80 20.40 14.05 65.58

SQPnP 15.90 12.61 33.20 32.99 28.03 61.94
Ours 6.10 5.22 11.88 10.56 8.84 24.67

As shown in Table 8, substantial differences in reprojection accuracy are observed
among the evaluated methods. Among them, EPnP exhibits the largest errors, reaching
the order of 102–103 pixels. Combined with the camera parameter estimates presented in
Table 7, these results indicate that the pose estimated by EPnP deviates significantly from
the actual camera configuration, causing most reprojected points to fall outside the image
boundaries. This suggests that EPnP fails to produce reliable parameter estimates under
the current experimental conditions; EPnP was therefore excluded from the subsequent
accuracy analysis.

Among the remaining methods, the proposed method consistently achieves the lowest
or near-lowest errors across all evaluation metrics. DLT achieves better performance, while
PnP and SQPnP exhibit comparable error levels. In contrast, RANSAC-PnP produces larger
reprojection errors. For the independent check points, its RMSE is reduced by 66.4%, 73.6%,
68.0%, and 48.3% compared with those of PnP, RANSAC-PnP, SQPnP, and DLT, respectively.
For the calibration points, the proposed method achieves an RMSE of 6.10 px, which is
lower than that of all competing methods. Furthermore, all methods exhibit larger errors at
the check points than at the calibration points, indicating greater uncertainty for samples
that are not involved in parameter estimation. Overall, the proposed method demonstrates
superior accuracy under the current experimental conditions.
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To further evaluate the impact of different calibration methods on video geospatial
mapping performance, 17 independent check points were selected for validation. The
maximum error, mean error, and root mean square error (RMSE) of the 3D spatial error
were computed. Table 9 compares the 3D spatial errors obtained by different methods at
both the calibration points and the independent check points.

Table 9. Comparison of 3D geospatial errors (in meters) among different methods.

Method MaX_CAL Mean_CAL RMSE_CAL Max_CHK Mean_CHK RMSE_CHK

PnP 20.60 6.61 9.02 287.75 36.54 80.85
RANSAC-PnP 28.21 7.59 10.70 335.33 42.38 90.02

EPnP ✗ ✗ ✗ ✗ ✗ ✗
DLT 12.42 4.44 5.41 107.86 23.36 40.70

SQPnP 16.83 6.33 8.41 259.91 35.72 73.85
Ours 6.28 2.78 3.32 36.19 8.12 12.45

“✗” indicates that the method fails to produce valid results. EPnP is excluded from further quantitative comparisons.

As shown in Table 9, the proposed method consistently achieves relatively low errors
on both types of points, demonstrating favorable performance in video geospatial map-
ping. For the calibration points, the proposed method yields overall lower error levels
compared with the competing approaches. Specifically, the RMSE is reduced by 63.2%,
69.0%, 38.6%, and 60.5% relative to PnP, RANSAC-PnP, DLT, and SQPnP, respectively. For
the independent check points, the proposed method also achieves the lowest RMSE of
12.45 m, outperforming all baseline methods. These results indicate that the camera param-
eters estimated by the proposed method not only improve fitting accuracy at the control
points but also maintain satisfactory accuracy at the check points that are not involved in
parameter estimation.

4.2.5. Ablation Study and Analysis of the Impact of Outlier Removal

To investigate the effects of the constrained optimization and outlier removal strategies
on calibration accuracy, three ablation experiments were designed. These experiments
sequentially compare the PnP baseline, PnP combined with constrained L-BFGS-B opti-
mization, and the full framework incorporating both constrained optimization and outlier
rejection. The detailed experimental configurations are provided in Table 10.

Table 10. Ablation settings used for evaluating the contribution of each module.

Configuration PnP Initialization Constrained
Optimization

Outlier
Removal

Number of
Calibration Points

PnP ✓ ✗ ✗ 12
PnP+ Constraint

L-BFGS-B ✓ ✓ ✗ 12

Ours ✓ ✓ ✓ 11
“✓” indicates that the corresponding module is enabled, while “✗” indicates it is not used.

Figure 13 illustrates the distribution and ranking of reprojection errors for the 12 cali-
bration points after the first stage of constrained optimization, based on which potential
outliers are identified. Meanwhile, Figure 14 further compares the reprojection errors and
georeferencing errors at independent check points under different experimental settings, in
order to evaluate the impact of each strategy on camera parameter estimation accuracy and
video geospatial mapping performance.
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Figure 13. Reprojection error ranking of calibration points before outlier removal. The control points
are sorted in descending order of reprojection error, and Pt7 is identified as a potential outlier based
on the highest residual.

Figure 14. Ablation study on reprojection error and geospatial mapping accuracy under different
configurations. (a) Reprojection error comparison on the control-point set and independent check-
point set. (b) Geospatial error comparison of independent check points under different methods
(logarithmic scale).

As shown in Figure 14, compared with the PnP baseline method, the introduction of
constrained L-BFGS-B joint optimization significantly reduces the reprojection errors on
both the calibration set and the check set, while also improving the horizontal and 3D spatial
errors of the independent check points. On this basis, further incorporation of an outlier
removal strategy leads to a continued decrease in reprojection error on the calibration
set, whereas the reprojection error on the check set shows no consistent improvement,
indicating that this strategy mainly enhances local fitting capability with limited impact on
unseen samples. Nevertheless, both the horizontal error and the 3D spatial error are further
reduced and achieve the best performance among the three experimental configurations.
Overall, these results indicate that, under the current experimental conditions, the proposed
optimization and outlier handling strategies effectively improve the overall accuracy of
video geospatial mapping.
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5. Conclusions and Discussion
Aiming at the need for high-precision georeferencing of tower-based video, this study

addresses the difficulty of obtaining intrinsic and extrinsic camera parameters and the
impracticality of conventional field calibration in tower-based monitoring scenarios. To this
end, we proposed a 3D GIS and gradient-based optimization integrated geospatial mapping
method. Within a unified 3D GIS framework, the method focuses on the optimization of
camera parameters and the representation of video geospatial mapping, with corresponding
algorithm design and experimental validation carried out.

The main conclusions of this study are summarized as follows. (1) A camera parameter
optimization method is developed for tower-based scenarios under small-sample control
point conditions. Starting from the estimated intrinsic matrix K and corresponding control
point pairs, the PnP method is first used to obtain initial extrinsic parameters. This is
followed by a constrained L-BFGS-B optimization incorporating planar priors of the tower
location, explicit box constraints, and a semi-constrained parameterization strategy. In
addition, an outlier removal and re-optimization scheme is introduced to reduce the
influence of gross errors, enabling more reliable estimation of camera parameters. (2) Under
the current experimental conditions, the proposed method helps improve the accuracy
of camera parameter estimation and mitigate the influence of outlier control points on
the optimization results, thereby providing effective support for the implementation of
video geospatial mapping. (3) Based on the tower-based camera parameters and the digital
elevation model (DEM), colorized point clouds are generated through the transformation
from image coordinates to 3D world coordinates. These point clouds are then overlaid
onto the 3D GIS environment, providing a fundamental basis for subsequent collaborative
analysis with existing geospatial datasets.

However, several limitations of the proposed method should be acknowledged. First,
the experimental validation was conducted in a single study area with a single observation
viewpoint, and its applicability and stability under multi-region, multi-view, and hetero-
geneous tower-based camera scenarios remain to be further investigated. In addition, the
proposed method adopts a zero-distortion pinhole camera model and relies on DEM and
remote sensing imagery to construct the 3D GIS environment. Therefore, several factors,
including lens distortion, control point selection errors, meteorological conditions, the
lack of high-resolution 3D scene information, and the quality of the underlying geospatial
data, may introduce uncertainties and affect the final results. Future work will incorpo-
rate more diverse experimental scenarios and systematic uncertainty analyses to further
evaluate the influence of these factors on camera parameter estimation and video geospa-
tial mapping performance, and to assess the generalization ability and robustness of the
proposed method.
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