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Abstract: Calibration of multimodal 3D imaging systems that combine structured light with10

an additional modality typically relies on targets constructed with physical features that must11

be detectable by all imaging modalities. Such targets can be costly to produce and are prone12

to fabrication defects that degrade accuracy. Furthermore, reflections, light saturation, and the13

limited resolution of non-visible-range cameras complicate reliable feature detection. We present14

a calibration approach that uses digital features generated by a screen, a mirror, and an auxiliary15

camera—removing the need for specialized targets with physical features. This setup recovers the16

intrinsic parameters of the visible camera as well as the intrinsic and extrinsic parameters of both17

the projector and the additional modality camera. To illustrate our method, we employ a thermal18

camera, though the procedure extends readily to other imaging modalities. Experimental results19

show the proposed solution achieves a 0.07 mm root-mean-square error in 3D reconstructions,20

matching conventional techniques. By eliminating the requirement for physical features for21

targets, this approach reduces costs, avoids fabrication flaws, and simplifies multimodal feature22

detection.23

1. Introduction24

Accurate three-dimensional (3D) shape measurement using structured light is a pivotal technique25

in diverse fields, including industry, cultural heritage, scientific research, and medicine [1–4].26

By integrating structured light with thermal, infrared, ultraviolet, or multispectral cameras,27

multimodal systems broaden their applicability and enrich the data available for both classical28

and deep learning-based methods [5–7]. Consequently, these combined approaches not only29

improve feature detection but also allow for the precise spatial localization of multimodal features30

on a surface.31

Reliable 3D measurements in multimodal systems hinge on accurate camera calibration, which32

typically involves the use of calibration targets [8–10]. Planar targets—commonly checkerboards33

or circle grids—are especially popular in structured-light configurations due to their simplicity,34

well-defined geometry, and ease of feature detection [11]. By providing precise reference35

points for subpixel refinement, these targets facilitate the estimation of each camera’s intrinsic36

parameters (e.g., focal length and lens distortion) as well as extrinsic parameters that define37

spatial relationships among sensors [11]. Recent efforts continue to refine these procedures, as38

accurate calibration remains vital for high-precision 3D reconstruction and quality assurance [12].39

Despite the benefits of planar targets, applying them to multimodal 3D structured-light40

calibrations remains troublesome because each modality imposes special acquisition conditions41

and often requires costly, customized targets. Metallic surfaces, for instance, can produce specular42

reflections that saturate the visible camera, while low-resolution or spectrally sensitive cameras43

(e.g., thermal or hyperspectral) struggle to detect features [5, 7, 11, 13]. Disparate fields of view44

among cameras further complicate calibration, since a target designed for one modality may45

not appear at suitable resolution in another. Consequently, multi-material or machined targets46
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Fig. 1. 3D reconstruction and profile of a thermal calibration target fabricated on a
copper circuit board. The measured 0.72 mm depth variation highlights how specialized
targets may fail the flatness assumption required for accurate calibration.

still introduce errors if fabrication defects cause the surface to deviate from perfect flatness or47

warp feature points [14]. Flatness is difficult to achieve, as illustrated in Fig.1, which shows48

the 3D reconstruction and profile of a thermal-calibration target fabricated on a copper circuit49

board, revealing a measured 0.72 mm depth variation [15]. Although specialized designs aim to50

reduce reprojection errors in spectral cameras [14], producing high-precision targets increases51

manufacturing complexity and cost, limiting their accessibility and effectiveness.52

Calibration procedures for multimodal structured-light systems follow two main workflows53

distinguished by the number of acquisition stages. In a single-stage procedure the same planar54

target is viewed simultaneously by the visible camera, the projector, and the secondary modality55

while fringes are projected (Fig. 2a). In a two-stage procedure the structured-light pair (visible56

camera + projector) is first calibrated with a conventional target and, in a second pass without57

fringes, the visible and secondary cameras are calibrated as a stereo pair using a second target58

(Fig. 2b) [16–18]. Both workflows obtain the intrinsic and extrinsic parameters with the standard59

planar-target calibration method [18], and the world origin is conventionally placed at the visible60

camera. Because each step depends on a specialized target with physical features, these standard61

procedures still inherit the cost, flatness, and detection issues outlined above, leaving a persistent62

gap.63

To reduce those issues, several authors have designed custom targets tailored to specific64

modalities. Examples include heated aluminium plates perforated with circles for thermal–shape65

systems [19], circuit-board patterns with filled and empty apertures for high-speed thermogra-66

phy [13], and lamp-illuminated asymmetric circle grids to boost thermal contrast [5]. Two-target67

schemes have also been explored, pairing an LCD-displayed pattern for structured light with68

a perforated metal plate for the thermal camera [20, 21]. While these designs improve feature69

visibility, they demand precise machining, heating, or multi-material fabrication and often require70

many images to counter residual flatness errors. Thus, even the most creative target solutions with71

physical features remain vulnerable to manufacturing flaws and modality-specific compromises,72

highlighting the need for a different strategy.73

Recent research is moving toward calibration techniques that sidestep the limitations of74

manufactured boards. Approaches for structured light recover projector parameters with a75

single image per pose [22] or fuse stereo vision with phase–coordinate mapping for depth-range76

accuracy [23, 24]. Others place digital feature points on planes extracted from reconstructed77

surfaces, eliminating physical patterns altogether [25, 26]. Beyond structured light, edge78
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Fig. 2. Conventional calibration procedures. (a) Single-stage acquisition using a visible
target in all imaging modalities; (b) Two-stage acquisition using two different targets.

correspondences have calibrated event-camera/LiDAR pairs [27], and two-view geometry has79

enabled in-situ calibration of refractive systems without external references [28]. By removing80

fabricated targets with physical features, these methods tackle the cost and flatness issues that81

plague traditional workflows, yet none has fully addressed multimodal structured-light setups82

with non-visible cameras. Building on this trend, our work introduces a digital-feature calibration83

specifically tailored to such multimodal systems. Thus, we can avoid printing or manufacturing84

sophisticated targets.85

We propose a calibration strategy for multimodal structured-light systems that replaces86

specialized targets with digital features generated by readily available hardware. A tablet or87

monitor first displays a feature pattern to calibrate the visible and auxiliary cameras; the planar88

back of a mirror is then imaged to recover projector intrinsics and extrinsics by placing virtual tie89

points on the mirror’s 3D reconstruction; finally, the same mirror corners and virtual points yield90

the intrinsic and extrinsic parameters of the secondary sensor—illustrated here with a thermal91

camera but applicable to hyperspectral, SWIR, or other modalities. Experiments with this setup92

achieve a root-mean-square (RMSE) 3D error of 0.07 mm, matching standard calibration methods93

while eliminating fabrication costs, flatness defects, and feature detection problems. The result94

is a cost-effective, accurate, and robust procedure for calibrating a wide range of multimodal95

structured light imaging systems.96

2. Principles97

2.1. Stereo-vision model98

The pinhole camera model relates a 3-D point [𝑥𝑤 , 𝑦𝑤 , 𝑧𝑤]𝑇 in the world coordinate system to99

its image projection [𝑢𝑐, 𝑣𝑐]𝑇 in camera 𝑐 as100

𝑠𝑐 [𝑢𝑐, 𝑣𝑐, 1]𝑇 = A𝑐 [R𝑐 t𝑐] [𝑥𝑤 , 𝑦𝑤 , 𝑧𝑤 , 1]𝑇 , (1)

where 𝑠𝑐 is a scale factor, A𝑐 denotes the camera intrinsic matrix which contains the focal lengths101

and principal-point coordinates, and R𝑐, t𝑐 express the rigid pose of the world frame with respect102

to the camera. Any additional device 𝑎 (auxiliary camera, projector, etc.) follows103

𝑠𝑎 [𝑢𝑎, 𝑣𝑎, 1]𝑇 = A𝑎 [R𝑎 t𝑎] [𝑥𝑤 , 𝑦𝑤 , 𝑧𝑤 , 1]𝑇 , (2)

with symbols defined analogously. Intrinsic and extrinsic parameters are usually estimated from104

multiple views of a planar target using the standard camera calibration procedure [18].105



Real optics deviate from the ideal pinhole, primarily through radial and tangential distortion.106

Normalized undistorted coordinates [𝑢̄, 𝑣̄]𝑇 map to distorted coordinates [𝑢̄𝑑 , 𝑣̄𝑑]𝑇 via107 
𝑢̄𝑑

𝑣̄𝑑

 =
(
1 + 𝑘1𝑟

2 + 𝑘2𝑟
4 + 𝑘3𝑟

6) 
𝑢̄

𝑣̄


+

2𝑝1𝑢̄𝑣̄ + 𝑝2 (𝑟2 + 2𝑢̄2)

2𝑝2𝑢̄𝑣̄ + 𝑝1 (𝑟2 + 2𝑣̄2)

 , (3)

with 𝑟2 = 𝑢̄2 + 𝑣̄2 and [𝑢̄, 𝑣̄, 1]𝑇 = A−1 [𝑢, 𝑣, 1]𝑇 . Coefficients 𝑘1–3 model radial distortion and108

𝑝1, 𝑝2 tangential distortion.109

2.2. Phase-shifting algorithm110

Phase-shifting fringe projection yields dense, subpixel phase maps for high-resolution 3-D111

reconstruction [29]. For an 𝑁-step sequence with equal phase increments, the 𝑘 th captured112

intensity is113

𝐼 = 𝐼 ′ + 𝐼 ′′ cos
(
𝜙 + 2𝑘𝜋/𝑁

)
, (4)

where 𝐼 ′ is the average intensity, 𝐼 ′′ the modulation, and 𝜙 the wrapped phase. The phase is114

obtained from the 𝑁 intensities as115

𝜙 = − tan−1
[
𝐼𝑘 sin(2𝑘𝜋/𝑁)
𝐼𝑘 cos(2𝑘𝜋/𝑁)

]
. (5)

Phase unwrapping removes the 2𝜋 discontinuities by adding an integer multiple 𝜅 of 2𝜋 at each116

pixel,117

Φ = 𝜙 + 2𝜋𝜅, (6)

yielding the continuous phase Φ used for depth retrieval [30].118

3. Method119

The proposed method calibrates a multimodal structured-light system without physical features120

by using a digital screen, the back side of a mirror, and an auxiliary camera. This method involves121

two stages of image acquisition. In the first acquisition stage two visible cameras capture a122

calibration pattern shown on a digital screen, providing data for a standard stereo calibration that123

yields the camera pair’s intrinsics and pose (Fig. 3). In the second stage, an uncalibrated projector124

projects phase-shifted fringes onto the back of a planar mirror while the visible cameras capture125

the fringe sequence and the additional-modality camera capture one image per pose (Fig. 3).126

Once the acquisition stages are completed and the visible cameras have been calibrated, the data127

from the second stage is processed: phase correspondence allows a dense 3-D reconstruction128

of the mirror; a best-fit plane is extracted, virtual feature points are defined on that plane, and129

their distorted projections are computed on the main camera sensor (Fig. 4a–f). These points130

are then re-projected into the projector frame to solve for the projector’s intrinsic and extrinsic131

parameters, all expressed in the stereo coordinate system. The mirror corners seen by the visible132

and auxiliary cameras, together with the computed 3-D plane, supply the data needed to estimate133

the additional imaging modality camera’s intrinsics. The extrinsic calibration of this camera134

is performed using the virtual feature points. These points are estimated on the other imaging135

modality camera sensor through a homography between its sensor and the main camera sensor136

(Fig. 4g). The following subsections describe each processing step in detail.137



Fig. 3. Acquisition stages for the proposed method. First, visible cameras acquire
images of a pattern displayed in a screen for stereo calibration. Second, the projector
projects fringes onto the back side of a mirror while the visible cameras capture images
of each projected pattern. The additional-modality camera acquires a single image per
pose.
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Fig. 4. Proposed digital-feature calibration method. (a) Stereo calibration is performed
using a digital pattern. (b) Via fringe projection the mirror surface is reconstructed,
and (c) a plane is fitted. (d) Digital feature points are defined and (e) projected onto
the main camera and projector for calibration. (f) Projector points are estimated via
phase data. (g) The additional-modality camera is calibrated using mirror corners and
digital features. The method enables full system calibration without requiring physical
features.



3.1. Visible stereo system calibration138

The first stage calibrates the stereo pair formed by the main and auxiliary visible cameras. Both139

sensors capture multiple views of a calibration pattern displayed on an LCD screen (Fig. 4a).140

A standard stereo calibration procedure yields each camera matrix, both sets of distortion141

coefficients, and the rigid transform between the cameras [18]. The auxiliary camera is removed142

once the entire multimodal system has been calibrated.143

3.2. Projector calibration144

Projector calibration models the back side of the mirror as a virtual planar target. Virtual feature145

points placed on that plane are projected onto the main-camera and projector image planes, and146

their correspondences supply the input to a conventional stereo calibration procedure [31].147

3.2.1. Target plane estimation148

Vertical and horizontal fringe patterns are projected onto the back side of the mirror, and both149

visible cameras record the corresponding phase sequences. Phase values at selected pixels on the150

mirror region of the main-camera image are computed with subpixel accuracy, then interpolated151

in the auxiliary-camera image to establish point correspondences. Distortion is removed with152

Eq. (3), and the pinhole models of Eq. (1) and Eq. (2) triangulate each pair to create a dense 3-D153

point cloud of the mirror surface (Fig. 4b).154

A least-squares fit determines the plane that best represents these points,155

𝑎 𝑥 + 𝑏 𝑦 + 𝑧 + 𝑐 = 0, (7)

where [𝑎, 𝑏, 𝑐]𝑇 is the plane normal expressed in world coordinates. Adopting this plane as the156

model coordinate system flattens local surface defects (Fig. 4c).157

3.2.2. Generation of feature points158

Points on the target plane are transformed from the world coordinate system (main camera) to159

the model coordinate system (target) with 𝑧 values equal to zero (𝑧 = 0), following the method160

described by Zhang [25]. Now, we have a surface where the feature points will be placed. For161

this, we need defining a mirror vertex as model coordinate system center. Also, feature points162

should be located inside the surface perimeter so that they extend over the majority of its area,163

thus allowing better sampling on the camera and projector sensors. Therefore, we need to find164

the surface vertex to estimate the surface dimensions. The mirror vertex are detected using image165

processing.166

To find the corners of the point cloud (mirror corners), we binarize the texture image and167

find the contourn of the mirror. We developed an algorithm to estimate the vertices, starting168

from the initial corner points identified using the method proposed by Matt [32]. Then, the169

Harris–Stephens algorithm is applied to the thresholded mirror image to obtain a set of vertex170

candidates. Additionally, contour points are extracted as another set of vertex candidates. Next,171

the candidates are refined based on their Euclidean distance to the initial corner estimates. Finally,172

the vertex farthest from the centroid of the mirror is selected as the final corner.173

Next, the feature points are defined within the model coordinate system on the surface (Fig. 4e).174

These points are then transformed into the world coordinate system. Figure 4d represents this175

process. To obtain their projection onto the main camera sensor, the feature points are multiplied176

by the intrinsic matrix, following Eq.1, and subsequently corrected for distortion.177

We estimate the phase values along the horizontal and vertical directions at these camera178

points using cubic interpolation based on the phase values of the nearest pixels. Finally, the179

corresponding projector points are obtained using the following equation180

[𝑢𝑝 , 𝑣𝑝] =
𝑃

2𝜋
[𝜙𝑢, 𝜙𝑣] , (8)



where [𝜙𝑢, 𝜙𝑣] are the continuous phases along the 𝑢- and 𝑣-directions, 𝑃 indicates the pitch of181

the projected fringes, and [𝑢𝑝 , 𝑣𝑝] are the projector points. Figure 4f illustrates the projection of182

the feature points onto the camera and projector images.183

Repeating the acquisition over several poses yields enough point pairs to run a standard184

stereo calibration and recover the projector’s intrinsic and extrinsic parameters together with its185

distortion coefficients.186

3.3. Other imaging-modality calibration187

The proposed procedure is applicable to other imaging modalities because it requires only the188

detection of mirror corners; a thermal camera serves here as an example. For each pose the189

thermal camera records one image of the mirror, and the calibration proceeds in two steps.190

3.3.1. Intrinsic calibration191

Mirror vertices are first located in the thermal image, aided by contrast enhancement and192

sharpening. These vertices, together with the corresponding vertices already extracted from the193

texture image, form the corner pairs needed for a standard calibration routine, which returns the194

thermal camera matrix and its distortion parameters (Fig. 4).195

3.3.2. Extrinsic calibration196

Accurate alignment relies on the virtual feature points introduced in Section 3.2.2. A homography197

computed from the undistorted mirror corners maps the feature points from the main-camera198

sensor to the thermal-camera sensor. The estimated homography is then applied to the undistorted199

camera points to determine the corresponding feature points in the thermal camera image. The200

thermal distortion model is then applied to obtain their final pixel coordinates. Fig. 4g illustrates201

the mapped points on the thermal image. A final stereo calibration between the main and thermal202

cameras, using these correspondences and the known 3-D feature coordinates, yields the thermal203

camera pose with respect to the world frame. The required homography for each image pair is204

defined as follows:205 
𝑢𝑡

𝑣𝑡

1


= 𝐻


𝑢𝑐

𝑣𝑐

1


=


ℎ1 ℎ2 ℎ3

ℎ4 ℎ5 ℎ6

ℎ7 ℎ8 ℎ9



𝑢𝑐

𝑣𝑐

1


, (9)

where [𝑢𝑐, 𝑣𝑐, 1]𝑇 represents the homogeneous coordinates of the undistorted corners in206

the visible camera image; [𝑢𝑡 , 𝑣𝑡 , 1]𝑇 denotes the homogeneous coordinates of the undistorted207

corresponding points in the thermal camera image; 𝐻 is the homography matrix, and ℎ1, ℎ2, . . . , ℎ9208

are its elements. The homography matrix is estimated using singular value decomposition [33].209

4. Experimental results210

For the experiments, we implemented our multimodal calibration approach using a structured211

light system and a thermal camera. Figure 5 shows the developed multimodal system, which212

consists of a Dell M115HD DLP projector (1280 × 800 pixels), two Basler acA1300-200um213

USB 3.0 grayscale cameras (1280 × 1024 pixels) with 12 mm-focal length lenses, an Infiray214

P2 thermal camera (256 × 192 pixels) with a thermal resolution of 0.04 ◦C, and an Arduino215

Uno for synchronization. The system was fine-tuned to achieve a reconstruction cross-sectional216

area of 200 mm x 250 mm at a distance of around 550 mm. The OpenCV stereo vision system217

calibration package was used to estimate the intrinsic and extrinsic parameters of the cameras218

and the projector. The intrinsic parameters of each optical device, once estimated, were fixed for219

all subsequent extrinsic calibrations.220
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Fig. 5. Proposed setup equipped with two visible cameras, projector and thermal
camera for multimodal calibration.

A HUAWEI MediaPad T3 10 tablet was used to display a 6 × 19 white circle dots to calibrate221

the stereo system composed by the main and auxiliary cameras. The distance between circle222

center is 20 mm. We calibrated the stereo cameras with 91 poses and obtained 0.16 as overall223

reprojection mean error.224

Target plane estimation involved using 18-step phase-shifted fringe patterns and 6 gray-coded225

binary patterns for extracting phase maps in horizontal and vertical orientations. We captured 31226

poses of the back side of an irregular hexagon-shaped mirror with a longest base of 20.1 cm and227

a shortest base of 14.9 cm. This mirror is shown in Fig. 5. We estimated approximately 1200228

matching pairs on the phase maps by cubic interpolation. These points were used to reconstruct229

the mirror surface using the camera parameters estimated previously. Figure 6a shows the mirror230

surface reconstructed for a pose. Since the mirror surface reconstructed is not perfectly planar,231

we estimated the ideal 3D plane (See Fig. 6b). This ideal plane was the plane of our target where232

we placed our feature points. For each pose, we estimated the transformation between the main233

camera coordinate system and target coordinate system. Thus, the plane points are transformed234

to the target coordinate system, as Fig. 6c shows.235

To generate feature points, we defined a set with 270 points in the target coordinate system236

adjusted to its surface. The step between the feature points was defined as 10 mm. Figure 7a237

shows the feature points generated in the target coordinate system for the same pose shown in238

Fig. 6. To calibrate the structured light system, it is necessary to obtain the projection of the239

feature points on the camera and projector sensors. Thus, we transformed the points from the240

target coordinate system to the camera coordinate system, as shown in Fig. 7b. Subsequently,241

the feature points were projected onto the camera sensor using Equation 1 taking into account242

the distortions (see Fig. 7c). The points on the projector sensor were estimated using the phase243

in the camera points and Eq. 8. In the above example, the points on the projector sensor are244

shown in Fig. 7d. Structured light calibration was performed using the standard stereo calibration245

procedure with 67 poses, resulting in a mean reprojection error of 0.06 pixels.246

The intrinsic calibration of the thermal camera was successfully performed using the afore-247



(a) (b) (c)

Fig. 6. Target plane estimation. (a) Mirror surface reconstructed using stereo calibration
data; (b) Ideal 3D plane of the mirror with function −0.0853𝑥+0.5504𝑦+422.8925 = 𝑧;
(c) Plane points in the target coordinate system.

(a) (b)

(c) (d)

Fig. 7. Feature points. (a) Feature points in target coordinate system; (b) Feature points
in main camera coordinate system; (c) Feature points on the camera image; (d) Feature
points on the projector image.

mentioned calibration package. This process utilized the mirror corners detected in the thermal248

images and the ideal 3D reconstructions of the corners in the target coordinate system as input249

data.250

Later, the corners in the visible and thermal images were used to estimate the homography251

between these images. We present an example of thermal feature point estimation in Fig. 8. In252

this figure, the mirror corners are marked by the blue crosses. The feature points in the visible253

image are presented in Fig. 8a. These points were used with the homography to estimate the254

feature points in the thermal image. Figure 8b shows the feature points estimated in the thermal255

image. Finally, an extrinsic calibration was performed using the standard stereo calibration256

procedure and 59 poses, with a mean reprojection error equal to 0.46 pixels. A few poses used in257

the structured light calibration were not utilized in the thermal camera extrinsic calibration due258

to corner detection errors in this image modality.259
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Fig. 8. Feature points (red circles) and mirror corners (crosses) in thermal camera
calibration. (a) Feature points defined in visible camera image; (b) Feature points
estimated in thermal camera image using a homography with the mirror corners.

4.1. Comparison with a conventional multimodal structured light and thermography260

calibration261

Conventional calibration based on two-stage acquisition with two targets with physical features262

was used to calibrate the same system without an auxiliary camera. The structured light calibration263

employed an asymmetrical circular target composed of 8 × 21 white circles, spaced 16 mm apart264

from center to center, set against a black background. The target was placed in 84 unique positions,265

and at each position, we projected and recorded 18-step phase-shifted fringe patterns and 7266

gray-coded binary patterns in both vertical and horizontal directions. We synchronized the image267

capture with a trigger signal from the projector using an HDMI splitter. The calibration resulted268

in a mean reprojection error of 0.12 pixels. The thermal camera calibration was performed using269

a copper-printed circuit board with vinyl cutouts forming a 7 × 9 asymmetrical pattern of black270

circles as a target (target in Fig. 10a). To enhance feature point detection with a thermal camera,271

the target was heated to 70°C, using a 3D printer’s heat bed. The target’s non-vinyl sections acted272

as thermal mirrors, reflecting the surrounding temperature to avoid detection issues from thermal273

reflections. Images were captured with visible and thermal cameras for each calibration pose,274

and adaptive contrast enhancement was applied to improve feature point detection. The system275

was calibrated with 84 image pairs, achieving a mean reprojection error of 0.3 pixels.276

We evaluated the accuracy of both the proposed and conventional calibration methods by277

reconstructing the 3D geometry of an object with known dimensions. For this purpose, we278

acquired multimodal images of a sphere, which has a nominal radius of 20 mm. The radius279

Fig. 9. 3D reconstructions of a 40 mm sphere with the conventional (red) and proposed
(blue) methods.
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Fig. 10. Images of the target used for thermal camera calibration in a specific pose
across different imaging modalities, employing the calibration parameters estimated
by our method: (a) Image of the target, fabricated on a copper-printed circuit board
with vinyl cutouts forming a 7 × 9 asymmetrical pattern of black circles, (b) Thermal
image, (c) 3D reconstruction of the target, and (d) Multimodal image combining both
modalities.
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Fig. 11. RMSE between the 3D surfaces obtained using the conventional and the
proposed methods: (a) Multimodal image from the target in a pose using our approach,
(b) RMSE for each pose between the methods. Its mean value is 0.07 mm

estimated from the 3D reconstruction using the conventional method was 19.7969 mm, while the280

proposed method yielded 19.8058 mm. Figure 9 presents the reconstructed sphere using both281

methods, along with a reference sphere of radius 19.8 mm. The root-mean-square error (RMSE)282

of the 3D points was 0.0731 mm for the conventional method and 0.0713 mm for the proposed283

method. These results confirm that both approaches produce similarly accurate reconstructions284

consistent with the physical dimensions of the object.285

We further compared the performance of both methods in reconstructing a physical multimodal286

target under varying acquisition poses. Figure 10a shows the target used in this evaluation.287

Thirteen different poses were acquired. Using calibration parameters estimated by the proposed288

method, Fig. 10b-d present, respectively, the thermal image, the 3D reconstruction, and the289

multimodal composite image for a representative pose. During acquisition, the target was290

thermally stimulated, and temperatures ranged from 30°C to 60°C. The black circles appear hotter291

than the metallic background, which acts as a thermal mirror reflecting ambient temperatures.292

The sharp boundaries of the circles in the thermal image indicate accurate thermal-to-geometric293

mapping.294

For each pose, the depth profiles reconstructed with both calibration methods were centered by295

subtracting their mean, then detrended using a second-order polynomial, and finally compared296
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Fig. 12. Mapping validation on a multimodal target. (a) Thermal texture mapped
with the digital-feature calibration; the vertical line marks the extracted profile. (b)
Temperature and depth profiles along that line. The mean of each profile was subtracted
and the depth data were detrended with a second-order polynomial.
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Fig. 13. Multimodal image of a 3D object. (a) Photography of the measured object; (b)
Image captured by the thermal camera; (c) 3D reconstructed geometry; (d) Temperature
mapping result.

using RMSE. Figure 11a shows one representative multimodal reconstruction, while Fig. 11b297

plots the RMSE values across all poses. The average RMSE was 0.07 mm, demonstrating that the298

proposed calibration method achieves the same level of accuracy as the conventional approach.299

To further validate the calibration, Fig. 12a displays the thermal texture mapped onto the300

target using the proposed method. The circle pattern is clearly visible, and the vertical line301

indicates the location of the extracted profile. Figure 12b shows the corresponding depth and302

temperature profiles. After detrending, the depth data from both methods align closely, with303

minor discrepancies near high-contrast edges likely caused by intensity-induced artifacts. The304

temperature curves also show strong agreement, with corresponding periodic peaks. These305

results confirm that the proposed method delivers thermal and geometric accuracy equivalent to306

conventional calibration, even when using a lower-resolution thermal camera.307

Finally, we applied the proposed method to a real-world object with complex geometry.308

Figure 13a shows a grayscale visible image of a ceramic mask, illustrating its surface detail. The309

thermal image in Fig. 13b reveals temperature variations across the object, with warmer areas310

shown in yellow and cooler ones in blue. The 3D reconstruction using the proposed calibration is311

shown in Fig. 13c, capturing fine surface contours. Figure 13d combines depth and temperature312

into a 3D thermal map. This fusion of modalities demonstrates the method’s effectiveness in313

accurately mapping thermal data onto complex surfaces.314



5. Conclusion315

We presented a calibration method for multimodal structured light and thermography systems316

based on digital features, eliminating the need for physical features in targets. The proposed317

approach accurately calibrates both the structured light system and an additional imaging318

modality, such as a thermal camera. It effectively overcomes common challenges in multimodal319

calibration, including thermal reflections, light saturation, fabrication defects, and optical320

nonlinearity. Importantly, it matches the accuracy of conventional methods while maintaining321

system simplicity.322
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