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Blur Aware Calibration of Multi-Focus Plenoptic Camera

This paper presents a novel calibration algorithm for Multi-Focus Plenoptic Cameras (MFPCs) using only raw images. The design of such cameras is usually complex and relies on precise placement of optic elements. Several calibration procedures have been proposed to retrieve the camera parameters but relying on simplified models, reconstructed images to extract features, or yet multiple calibrations when several types of micro-lens are used. Considering blur information, we propose a new Blur Aware Plenoptic (BAP) feature. It is first exploited in a pre-calibration step that retrieves initial camera parameters, and secondly to express a new cost function for our single optimization process. The effectiveness of our calibration method is validated by quantitative and qualitative experiments.

Introduction

The purpose of an imaging system is to map incoming light rays from the scene onto pixels of photo-sensitive detector. The radiance of a light ray is given by the plenoptic function L (x, θ, λ, τ ), introduced by Adelson et al. [1], where x ∈ R 3 is the spatial position of observation, θ ∈ R 2 is the angular direction of observation, λ is the wavelength of the light and τ is the time. Conventional cameras capture only one point of view. A plenoptic camera is a device that allows to retrieve spatial as well as angular information.

From Lumigraph [START_REF] Ester | A Density-Based Algorithm for Discovering Clusters in Large Spatial Databases with Noise[END_REF] to commercial plenoptic cameras [START_REF] Ng | Light Field Photography with a Hand-held Plenoptic Camera[END_REF]23], several designs have been proposed. This paper focuses on plenoptic cameras based on a Micro-Lenses Array (MLA) placed between the main lens and the photosensitive sensor (see Fig. 2). The specific design of such a camera allows to multiplex both types of information onto the sensor in the form of a Micro-Images Array (MIA) (see Fig. 1 (b)), but implies a trade-off between the angular and spatial resolution [START_REF] Georgiev | Spatio-Angular Resolution Tradeoff in Integral Photography[END_REF][START_REF] Levin | Understanding camera trade-offs through a Bayesian analysis of light field projections[END_REF]10]. It is balanced according to the MLA position with respect to the main lens focal plane (i.e., focused [23,[START_REF] Georgiev | The multifocus plenoptic camera[END_REF] and unfocused [START_REF] Ng | Light Field Photography with a Hand-held Plenoptic Camera[END_REF] configuration).

Figure 1: The Raytrix R12 multi-focus plenoptic camera used in our experimental setup (a), along with a raw image of a checkerboard calibration target (b). The image is composed of several micro-images with different blurred levels and arranged in an hexagonal grid. In each microimage, our new Blur Aware Plenoptic (BAP) feature is illustrated by their center and their blur radius (c).

The mapping of incoming light rays from the scene onto pixels can be expressed as a function of the camera model. Classical cameras are usually modeled as pinhole or thin lens. Due to the complexity of plenoptic camera's design, the used models are usually high dimensional. Specific calibration methods have to be developed to retrieve the intrinsic parameters of these models.

Related Work

Unfocused plenoptic camera calibration. In this configuration, light rays are focused by the MLA on the sensor plane. The calibration of unfocused plenoptic camera [START_REF] Ng | Light Field Photography with a Hand-held Plenoptic Camera[END_REF] has been widely studied in the literature [6,2,25,24,[START_REF] Hahne | Real-time refocusing using an FPGA-Based standard plenoptic camera[END_REF]36]. Most approaches rely on a thin-lens model for the main lens and an array of pinholes for the micro-lenses. Most of them require reconstructed images to extract features, and limit their model to the unfocused configuration, i.e., set-ting the micro-lens focal length at the distance MLA-sensor. Therefore those models cannot be directly extended to the focused or multi-focus plenoptic camera.

Focused plenoptic camera calibration. With the arrival of commercial focused plenoptic cameras [START_REF] Lumsdaine | The focused plenoptic camera[END_REF]23], new calibration methods have been proposed. Based on [14], Heinze et al. [13] have developed a new projection model and a metric calibration procedure which is incorporated in the RxLive software of Raytrix GmbH. Other calibration methods and models have been proposed, either to overcome the fragility of the initialization [START_REF] Donald | Decoding, calibration and rectification for lenselet-based plenoptic cameras[END_REF], or to model more finely the camera parameters using depth information [START_REF] Zeller | Calibration and accuracy analysis of a focused plenoptic camera[END_REF]32]. O' Brien et al. [22] introduced a new 3D feature called plenoptic disc and defined by its center and its radius. Nevertheless, all previous methods rely on reconstructed images meaning that they introduce error in the reconstruction step as well as in the calibration process.

To overcome this problem, several calibration methods [35,34,29,[START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF]3,[START_REF] Nousias | Corner-Based Geometric Calibration of Multi-focus Plenoptic Cameras[END_REF]31] have been proposed using only raw plenoptic images. In particular, features extraction in raw micro-images has been studied in [3,[START_REF] Nousias | Corner-Based Geometric Calibration of Multi-focus Plenoptic Cameras[END_REF][START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF] achieving improved performance through automation and accurate identification of feature correspondences. However, most of the methods rely on simplified models for optic elements: the MLA is modeled as a pinholes array making it impossible to retrieve the focal lengths, or the MLA misalignment is not considered. Some do not consider distortions [35,[START_REF] Nousias | Corner-Based Geometric Calibration of Multi-focus Plenoptic Cameras[END_REF]31] or restrict themselves to the focused case [35,34,[START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF].

Finally, few have considered the multi-focus case [13,3,[START_REF] Nousias | Corner-Based Geometric Calibration of Multi-focus Plenoptic Cameras[END_REF]31] and dealt with it in separate processes, leading to different intrinsic and extrinsic parameters according to the type of micro-lenses.

Contributions

This paper focuses on the calibration of micro-lensesbased Multi-Focus Plenoptic Camera (MFPC). To the best of our knowledge, this is the first method proposing a single optimization process that retrieves intrinsic and extrinsic parameters of a MFPC directly from raw plenoptic images. The main contributions are the following:

• We present a new Blur Aware Plenoptic (BAP) feature defined in raw image space that enables us to handle the multi-focus case. 
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Figure 2: Focused Plenoptic Camera model in Galilean configuration (i.e., the main lens focuses behind the sensor) with the notations used in this paper.

A visual overview of our method is given in Fig. 3. The remainder of this paper is organized as follows: first, the camera model and BAP feature are presented in Section 2. The proposed pre-calibration step is explained in Section 3. Then, the feature detection is detailed in Section 4 and the calibration process in Section 5. Finally, our results are presented and discussed in Section 6. The notations used in this paper are shown in Fig. 2. Pixel counterparts of metric values are denoted in lower-case Greek letters.

Camera model and BAP feature

Multi-focus Plenoptic Camera

We consider multi-focus plenoptic cameras as described in [START_REF] Georgiev | The multifocus plenoptic camera[END_REF]23]. The main lens, modeled as a thin-lens, maps object point to virtual point behind (resp., in front of) the image sensor in Galilean (resp., Keplerian) configuration. Therefore, the MLA consists of I different lens types with focal lengths f (i) , i ∈ {1, . . . , I} which are focused on I different planes behind the image sensor. This multifocus setup corresponds to the Raytrix camera system described in [23] when I = 3. The micro-lenses are modeled as thin-lenses allowing to take into account blur in the micro-image. Our model takes into account the MLA misalignment, freeing all six degrees of freedom.

The tilt of the main lens is included in the distortion model and we make the hypothesis that the main lens plane Π l is parallel to the sensor plane Π s . Furthermore, we choose the main lens frame as our camera reference frame, with O being the origin, the z-axis coinciding with the optical axis and pointing outside the camera, and the y-axis pointing downwards. Only distortions of the main lens are considered. We use the model of [START_REF] Perwaßand | Single Lens 3D-Camera with Extended Depth-of-Field[END_REF] with three coefficients for the radial component and two for the tangential. Furthermore, we consider the deviation of the image center and the optical center for each micro-lens because it tends to cause inaccuracy in decoded light field. Therefore, the principal point c k,l 0 of the micro-lens indexed by (k, l) is given by

c k,l 0 = u k,l 0 v k,l 0 = d D + d u 0 v 0 -c k,l + c k,l , (1) 
where c k,l is the center in pixels of the micro-image (k, l), u 0 v 0 is the main lens principal point, d is the distance MLA-sensor and D is the distance main lens-MLA, as illustrated in Fig. 2. Finally, each micro-lens produces a micro-image onto the sensor. The set of these micro-images has the same structural organization as the MLA, i.e., in our case an hexagonal grid, alternating between each type of microlens. The data can therefore be interpreted as an array of micro-images, called by analogy the MIA. The MIA coordinates are expressed in image space. Let δc be the pixel distance between two arbitrary consecutive micro-images centers c k,l . With s the metric size of a pixel, let ∆c = s • δc be its metric value, and ∆C be the metric distance between the two corresponding micro-lenses centers C k,l . From similar triangles, the ratio between them is given by

∆C ∆c = D d + D ⇐⇒ ∆C = ∆c • D d + D . (2) 
We make the hypothesis that ∆C is equal to the micro-lens diameter. Since d D, we can make the following approximation

D D + d = λ ≈ 1 =⇒ ∆C = ∆c • D D + d ≈ ∆c. (3) 
This approximation will be validated in the experiments.

BAP feature and projection model

Using a camera with a circular aperture, the blurred image of a point on the image detector is circular in shape and is called the blur circle. From similar triangles and from the thin-lens equation, the signed blur radius of a point in an image can be expressed as

ρ = 1 s • A 2 d 1 f - 1 a - 1 d , (4) 
with s the size of a pixel, d the distance between the considered lens and the sensor, A the aperture of this lens, f its focal length, and a the distance of the object from the lens. This radius appears at different levels in the camera projection: in the blur introduced by the thin-lens model of the micro-lenses and during the formation of the micro-image while taking a white image. To leverage blur information, we introduce a new Blur Aware Plenoptic (BAP) feature characterized by its center and its radius, i.e., p = (u, v, ρ).

Therefore, our complete plenoptic camera model allows us to link a scene point p w to our new BAP feature p through each micro-lens (k, l) [START_REF] Perwaßand | Single Lens 3D-Camera with Extended Depth-of-Field[END_REF] where P (i, k, l) is the blur aware plenoptic projection matrix through the micro-lens (k, l) of type i, and computed as

    u v ρ 1     ∝ P (i, k, l) • T µ (k, l) • ϕ(K(F ) • T c • p w ) ,
P (i, k, l) = P (k, l) • K f (i) (6) =     d/s 0 u k,l 0 0 0 d/s v k,l 0 0 0 0 s ∆C 2 -s ∆C 2 d 0 0 -1 0         1 0 0 0 0 1 0 0 0 0 1 0 0 0 -1/f (i) 1     .
P (k, l) is a matrix that projects the 3D point onto the sensor. K(f ) is the thin-lens projection matrix for the given focal length. T c is the pose of the main lens with respect to the world frame and T µ (k, l) is the pose of the microlens (k, l) expressed in the camera frame. The function ϕ(•) models the lateral distortion.

Finally, the projection model defined in Eq. ( 5) consists of a set Ξ of (16 + I) intrinsic parameters to be optimized, including the main lens focal length F and its 5 lateral distortion parameters, the sensor translation, encoded in (u 0 , v 0 ) and d, the MLA misalignment, i.e., 3 rotations (θ x , θ y , θ z ) and 3 translations (t x , t y , D), the micro-lens inter-distance ∆C, and the I micro-lens focal lengths f (i) .

Pre-calibration using raw white images

Drawing inspiration from depth from defocus theory [27], we leverage blur information to estimate parameters (e.g., here our blur radius) by varying some other parameters (e.g., the focal length, the aperture, etc.) in combination with known (i.e., fixed or measured) parameters. For instance, when taking a white picture with a controlled aperture, each type of micro-lens produces a micro-image (MI) with a specific size and intensity, providing a way to distinguish them. In the following all distances are given with reference to the MLA plane. Distances are signed according to the following convention: f is positive when the lens is convergent; distances are positive when the point is real, and negative when virtual.

Micro-image radius derivation

Taking a white image is equivalent for the micro-lenses to image a white uniform object of diameter A at a distance
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Figure 3: Overview of our proposed method with the precalibration step and the BAP features detection that it used in the non-linear optimization process.

D. This is illustrated in Fig. 4. We relate the micro-image (MI) radius to the plenoptic camera parameters. From optics geometry, the image of this object, i.e. the resulting MI, is equivalent to the image of an imaginary point constructed as the vertex of the cone passing through the main lens and the considered micro-lens (noted V in Fig. 4). Let a be the distance of this point from the MLA plane, given from similar triangles and Eq. ( 2) by

a = -D ∆C A -∆C = -D A d + D ∆cD -1 -1 , (7) 
with A the main lens aperture. Note the minus sign is due to the fact that the imaginary point is always formed behind the MLA plane at a distance a , and thus considered as a virtual object for the micro-lenses. Conceptually, the MI formed can be seen as the blur circle of this imaginary point. Therefore, using Eq. ( 4), the metric MI radius R is given by

R = ∆C 2 d 1 f - 1 a - 1 d = A • d 2D + ∆cD d + D • d 2 • 1 f - 1 D - 1 d . (8) 
From the above equation, we see that the radius depends linearly on the aperture of the main lens. However, the main lens aperture cannot be computed directly whereas we have access to the f -number value. The f -number of an optical system is the ratio of the system's focal length F to the diameter of the entrance pupil, A, given by
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Figure 4: Formation of a micro-image with its radius R through a micro-lens while taking a white image at an aperture A. The point V is the vertex of the cone passing by the main lens and the considered micro-lens. V is the image of V by the micro-lens and R is the radius of its blur circle.

Finally, we can express the MI radius for each micro-lens focal length type i as

R N -1 = m • N -1 + q i (9) with m = dF 2D and q i = 1 f (i) • ∆cD d + D • d 2 - ∆c 2 . ( 10 
)
Let q i be the value obtained by q i = q i + ∆c/2.

Internal parameters estimation

The internal parameters Ω = {m, q 1 , . . . , q I } are used to compute the radius part of the BAP feature and to initialize the parameters of the calibration process. Given several raw white images taken at different apertures, we estimate the coefficients of Eq. ( 9) for each type of micro-image. The standard full-stop f -number conventionally indicated on the lens differs from the real f -number calculated with the aperture value AV as N = √ 2 AV . From raw white images, we are able to measure each micro-image (MI) radius = |R| /s in pixels for each distinct focal length f (i) at a given aperture. Due to vignetting effect, the estimation is only conducted on center microimages which are less sensitive to this effect. Our method is based on image moments fitting. It is robust to noise, works under asymmetrical distribution and is easy to use, but need a parameter α to convert the standard deviation σ into a pixel radius = α • σ. We use the second order central moments of the micro-image to construct a covariance matrix. Finally, we chose σ as the square root of the greater eigenvalue of the covariance matrix. The parameter α is determined such that at least 98% of the distribution is taken into account. According to the standard normal distribution Z-score table, α is picked up in [2. 33, 2.37]. In our experiment, we set α = 2.357. Finally, from radii measurements at different fnumbers, we estimate the coefficients of Eq. ( 9), X = {m, q 1 , . . . , q I }, with a least-square estimation. Fig. 5 shows the radii computed in a white image taken with an f -number N = 8, the histogram of these radii distribution for each type, and the estimated linear functions.

BAP feature detection in raw images

At this point, the internal parameters Ω, used to express our blur radius ρ, are available. The process (illustrated in Fig. 3) is divided into three phases: 1) using a white raw image, the MIA is calibrated and micro-image centers are extracted; 2) checkerboard images are processed to extract corners at position (u, v); and 3) with the internal parameters and the associated virtual depth estimate for each corner, the corresponding BAP feature is computed.

Blur radius derivation through micro-lens

To respect the f -number matching principle [23], we configure the main lens f -number such that the microimages fully tile the sensor without overlap. In this configuration the working f -number of the main imaging system and the micro-lens imaging system should match. The following relation is then verified for at least one type of micro-lens:

∆C d = A D ⇐⇒ 1 d • ∆cD d + D = F N D . ( 11 
)
We consider the general case of measuring an object p at a distance a l from the main lens. First, p is projected through the main lens according to the thin lens equation, 1/F = 1/a l + 1/b l , resulting in a point p at a distance b l behind the main lens, i.e. at a distance a = D -b l from the MLA. The metric radius of the blur circle r formed on the sensor for a given point p at distance a through a micro-lens of type i is expressed as

r = ∆cD d + D • d 2 • 1 f (i) - 1 a - 1 d = ∆cD d + D • d 2 • 1 f (i) =q i (10) - ∆cD d + D • d 2 • 1 d =∆C/2 (2) - ∆cD d + D =∆C (2) • d 2 • 1 a = -∆C • d 2 • 1 a + q i - ∆C 2 . ( 12 
)
In practice, we do not have access to the value of ∆C but we can use the approximation from Eq. (3). Moreover, a and d cannot be measured in the raw image space, but the virtual depth can. Virtual depth refers to relative depth values obtained from disparity. It is defined as the ratio between the object distance a and the sensor distance d:

ν = a d . ( 13 
)
The sign convention is reversed for virtual depth computation, i.e. distances are negative in front of the MLA plane.

If we re-inject the latter in Eq. ( 12), taking caution of the sign, we can derive the radius of the blur circle of a point p at a distance a from the MLA by

r = λ∆c 2 • ν -1 + q i - λ∆c 2 . ( 14 
)
This equation allows to express the pixel radius of the blur circle ρ = r/s associated to each point having a virtual depth without explicitly evaluating A, D, d, F and f (i) .

Features extraction

First, the Micro-Images Array has to be calibrated. We compute the micro-image centers observations {c k,l } by intensity centroid method with sub-pixel accuracy [START_REF] Thomason | Calibration of a Microlens Array for a Plenoptic Camera[END_REF][START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF]28]. The distance between two micro-image centers δc is then computed as the optimized edge-length of a fitted 2D grid mesh with a non-linear optimization. The pixel translation offset in the image coordinates, (τ x , τ y ), and the rotation around the (-z)-axis, ϑ z , are also determined during the optimization process. From the computed distance and the given size of a pixel, the parameter λ∆c is computed.

Secondly, as we based our method on checkerboard calibration pattern, we detect corners in raw images using the detector introduced by Noury et al. [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF]. The raw images are devignetted by dividing them by a white raw image taken at the same aperture.

With a plenoptic camera, contrarily to a classical camera, a point is projected into more than one observation onto the sensor. Due to the nature of the spatial distribution of the data, we used the DBSCAN algorithm [7] to identify the clusters. We then associate each point with its cluster of observations.

Once each cluster is identified, we can compute the virtual depth ν from disparity. Given the distance ∆C 1-2 between the centers of the micro-lenses C 1 and C 2 , i.e. the baseline, and the Euclidean distance ∆i = |i 1 -i 2 | between images of the same point in corresponding microimages, the virtual depth ν can be calculated with the intercept theorem:

ν = ∆C 1-2 ∆C 1-2 -∆i = η∆C η∆C -∆i = ηλ∆c ηλ∆c -∆i , (15) 
where ∆C = λ∆c is the distance between two consecutive micro-lenses and η ≥ 1.0. Due to noise in corner detection, we use a median estimator to compute the virtual depth of the cluster taking into account all combinations of point pairs in the disparity estimation. Finally, from internal parameters Ω and with the available virtual depth ν we can compute the BAP features using Eq. ( 14). In each frame n, for each micro-image (k, l) of type i containing a corner at position (u, v) in the image, the feature p n k,l is given by

p n k,l = (u, v, ρ) , with ρ = r/s. (16) 
In the end, our observations are composed of a set of microimage centers {c k,l } and a set of BAP features p n k,l allowing us to introduce two reprojection error functions corresponding to each set of features.

Calibration process

To retrieve the parameters of our camera model, we use a calibration process based on non-linear minimization of a reprojection error. The calibration process is divided into three phases: 1) the intrinsics are initialized using the internal parameters Ω; 2) the initial extrinsics are estimated from the raw checkerboard images; and 3) the parameters are refined with a non-linear optimization leveraging our new BAP features.

Parameters initialization

Optimization processes are sensitive to initial parameters. To avoid falling into local minima during the optimization process, the parameters have to be carefully initialized not too far from the solution.

First, the camera is initialized in Keplerian or Galilean configuration. First, given the camera configuration, the internal parameters Ω, the focus distance h, and from the Eq. ( 17) of [23], the following parameters are set as

d ←- 2mH F + 4m and D ←-H -2d, ( 17 
)
where H is given by

H = h 2 1 -1 ± 4 F h , (18) 
with positive (resp., negative) sign in Galilean (resp., Keplerian) configuration.

The focal length, and the pixel size s are set according to the manufacturer value. All distortion coefficients are set to zero. The principal point is set as the center of the image. The sensor plane is thus set parallel to the main lens plane, with no rotation, at a distance -(D + d).

Seemingly, the MLA plane is set parallel to the main lens plane at a distance -D. From the pre-computed MIA parameters the translation takes into account the offsets (-sτ x , -sτ y ) and the rotation around the z-axis is initialized with -ϑ z . The micro-lenses inter-distance ∆C is set according to Eq. (2). Finally, from internal parameters Ω, the focal lengths are computed as follows

f (i) ←- d 2 • q i • ∆C. (19) 

Initial poses estimation

The camera poses {T n c }, i.e., the extrinsic parameters are initialized using the same method as in [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF]. For each cluster of observation, the barycenter is computed. Those barycenters can been seen as the projections of the checkerboard corners through the main lens using a standard pinhole model. For each frame, the pose is then estimated using the Perspective-n-Point (PnP) algorithm [15].

Non-linear optimization

The proposed model allows us to optimize all the parameters into one single optimization process. We propose a new cost function Θ taking into account the blur information using our new BAP feature. The cost is composed of two main terms both expressing errors in the image space: 1) the blur aware plenoptic reprojection error, where, for each frame n, each checkerboard corner p n w is reprojected into the image space through each micro-lens (k, l) of type i according to the projection model of Eq. ( 5) and compared to its observations p n k,l ; and 2) the micro-lens center reprojection error, where, the main lens center O is reprojected according to a pinhole model in the image space through each micro-lens (k, l) and compared to the detected microimage center c k,l .

Let S = {Ξ, {T n c }} be the set of intrinsic Ξ and extrinsic {T n c } parameters to be optimized. The cost function Θ(S) is expressed as

p n k,l -Π k,l (p n w ) 2 + c k,l -Π k,l (O) 2 . ( 20 
)
The optimization is conducted using the Levenberg-Marquardt algorithm. Table 1: Initial intrinsic parameters for each dataset along with the optimized parameters obtained by our method and with the method of [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF]. Some parameters are omitted for compactness.
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Experiments and Results

We evaluate our calibration model quantitatively in a controlled environment and qualitatively when ground truth is not available.

Experimental setup

For all experiments we used a Raytrix R12 color 3D-light-field-camera, with a MLA of F/2.4 aperture. The mounted lens is a Nikon AF Nikkor F/1.8D with a 50mm focal length. The MLA organization is hexagonal, and composed of 176 × 152 (width × height) microlenses with I = 3 different types. The sensor is a Basler beA4000-62KC with a pixel size of s = 0.0055mm. The raw image resolution is 4080 × 3068.

Datasets. We calibrate our camera for three different focus distance configurations hand build three corresponding datasets: R12-A for h = 450 mm, R12-B for h = 1000 mm, and R12-C for h = ∞. Each dataset is composed of:

• white raw plenoptic images acquired at different apertures (N ∈ {4, 5.66, 8, 11.31, 16}) with augmented gain to ease circle detection in the pre-calibration step, • free-hand calibration targets acquired at various poses (in distance and orientation), separated into two subsets, one for the calibration process and the other for the qualitative evaluation, • a white raw plenoptic image acquired in the same luminosity condition and with the same aperture as in the calibration targets acquisition, • and calibration targets acquired with a controlled translation motion for quantitative evaluation, along with the depth maps computed by the Raytrix software (RxLive v4.0.50.2).

We use a 9 × 5 of 10mm side checkerboard for R12-A, a 8 × 5 of 20mm for R12-B, and a 7 × 5 of 30mm for R12-C. Datasets and our source code are publicly available 1 .

1 https://github.com/comsee-research Free-hand camera calibration. The white raw plenoptic image is used for devignetting other raw images and for computing micro-images centers. From the set of calibration targets images, BAP features are extracted, and camera intrinsic and extrinsic parameters are then computed using our non-linear optimization process.

Controlled environment evaluation. In our experimental setup (see Fig. 1), the camera is mounted on a linear motion table with micro-metric precision. We acquired several images with known relative motion between each frame. Therefore, we are able to quantitatively evaluate the estimated displacement from the extrinsic parameters with respect to the ground truth. The extrinsics are computed with the intrinsics estimated from the free-hand calibration. We compared our computed relative depth to those obtained by the RxLive software.

Qualitative evaluation. When no ground truth is available, we evaluate qualitatively our parameters on the evaluation subset by estimating the reprojection error using the previously computed intrinsics. We use the Root-Mean-Square Error (RMSE) as our metric to evaluate the reprojection, individually on the corner reprojection and the blur radius reprojection.

Comparison. Since our model is close to [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF], we compare our intrinsics with the ones obtained under their pinhole assumption using only corner reprojection error and with the same initial parameters. We also provide the calibration parameters obtained from the RxLive software.

Results

Internal parameters. Note that the pixel MI radius is given by = |R| /s, and R is either positive if formed after the rays inversion (as in Fig. 4), or negative if before. With our camera f (i) > d [12], so R < 0 implying that m and c i are also negative. In practice, it means we use the valuein the estimation process.

In our experiments, we set λ = 0.9931. We verified that the error introduced by this approximation is less than the metric size of a pixel (i.e., less than 1 % of its optimized value). Fig. 5 shows the estimated lines (see Eq. ( 9)), with a cropped white image taken at N = 8, where each type of micro-lens is identified with its radius. An histogram of the radii distribution is also given for each type. From the radii measurements, the computed internal parameters are estimated and given for each dataset in Tab. 2. 

= (m * -m)/m * is computed.
As expected, the internal parameters ∆c and m are different for each dataset, as D and δc vary with the focus distance h, whereas the q i values are close for each dataset. Using intrinsics, we compare the expected coefficient m * (from the closed form in Eq. ( 10) with the optimized parameters) with its calculated m value. The mean error over all datasets is ¯ m = 1.36% which is smaller than a pixel.

Free-hand camera calibration. The initial parameters for each dataset are given in Tab. 1 along with the optimized parameters obtained from our calibration and from the method in [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF]. Some parameters are omitted for compactness (i.e., distortions coefficient and MLA rotations which are negligible). The main lens focal lengths obtained with the proprietary RxLive software are: F h=450 = 47.709 mm, F h=1000 = 50.8942 mm, and F h=∞ = 51.5635 mm.

With our method and [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF], the optimized parameters are close to their initial value, showing that our method provides a good initialization for our optimization process. The F , d and ∆C are consistent across the datasets with our method. In contrast, the F and d obtained with [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF] show a larger discrepancy. This is also the case for the focal lengths obtained by RxLive.

Poses evaluation. Tab. 3 presents the relative translations and their errors with respect to the ground truth for the controlled environment experiment. Even if our relative errors are similar with [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF], we are able to retrieve more parameters. With our method, absolute errors are of the order of the mm (R12-A: 0.37 ± 0.15 mm, R12-B: 1.66 ± 0.58 mm and R12-C: 1.38 ± 0.85 mm) showing that the retrieved scale is coherent. Averaging over all the datasets, our method presents the smallest relative error, with low discrepancy between datasets, outperforming the estimations of the RxLive software. Table 3: Relative translation error along the z-axis with respect to the ground truth displacement. For each dataset, the mean error ¯ z and its standard deviation σ z are given.

Results are given for our method and compared with [START_REF] Antoine Noury | Light-Field Camera Calibration from Raw Images[END_REF] and the proprietary software RxLive.

Reprojection error evaluation. For each evaluation dataset, the total squared pixel error is reported with its computed RMSE in Tab. 4. The error is less than 1pix per feature for each dataset demonstrating that the computed intrinsics are valid and can be generalized to images different from the calibration set. Table 4: Reprojection error for each evaluation dataset with their number of observations. For each component of the feature, the total squared pixel error is reported with its computed RMSE.

Conclusion

To calibrate the Multi-Focus Plenoptic Camera, stateof-the-art methods rely on simplifying hypotheses, on reconstructed data or require separate calibration processes to take into account the multi-focal aspect. This paper introduces a new pre-calibration step which allows us to compute our new BAP feature directly in the raw image space. We then derive a new projection model and a new reprojection error using this feature. We propose a single calibration process based on non-linear optimization that enables us to retrieve of camera parameters, in particular the microlenses focal lengths. Our calibration method is validated by qualitative experiments and quantitative evaluations. In the future, we plan to exploit this new feature to improve metric depth estimation.
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As supplementary material, we first provide details about the camera model, second we detail in a more complete fashion the equations for the micro-image (MI) radii computation, third we complete the calibration results with the previously omitted parameters, and finally we give insight about the dataset images and poses.

A. Camera model

For completeness, the notations used in this paper are summarized in Fig. 1.

A.1. Main lens distortions

Recall that in our model, only distortions of the main lens are considered. Distortions represent deviations from the theoretical thin lens projection model. To correct those errors, we can undistort a distorted point p = x y z by applying a function ϕ to it, such as p ϕ -→ p u . To model the radial ϕ (r) and tangential ϕ (t) components of the lateral distortion model, we use the model of Brown-Conrady [1,2]. The radial component is thus expressed as

x (r) u = x • (1 + A 0 κ 2 + A 1 κ 4 + A 2 κ 6 ) y (r) u = y • (1 + A 0 κ 2 + A 1 κ 4 + A 2 κ 6 ), (1) 
and the tangential component as

x (t) u = B 0 (κ 2 + 2x 2 ) + 2B 1 xy y (t) u = B 1 (κ 2 + 2y 2 ) + 2B 0 xy, (2) 
where κ = x 2 + y 2 .

Finally, our set of intrinsic Ξ includes 5 lateral distortion parameters: three coefficients for the radial component, k (r) = {A 0 , A 1 , A 2 }, and two for the tangential, 

k (t) = {B 0 , B 1 }. Sensor image b l object // a l Main Lens A O MLA (u 0 , v 0 ) d D F ∆c x w y w z w C k,l c k,l 0 s f (i) ∆C c k,l

A.2. F-number matching principle

The f -number of an optical system is the ratio between the system's focal length F and the diameter of the entrance pupil, A, given by

N = F A . ( 3 
)
The f -number accurately describes the light-gathering ability of a lens only for objects an infinite distance away. In optical design, an alternative is often needed for systems where the object is not far from the lens. In these cases the working f -number is used. The working f -number is defined as

N * ≈ 1 2NA ≈ (1 + |γ|) N , ( 4 
)
where NA is the numerical aperture, i.e., the number that characterizes the range of angles over which the system can accept or emit light, and γ is the magnification of the current focus setting. Let a be the quantity that verify the following thin lens equation:

1 F = 1 a + 1 D , ( 5 
)
where F is the focal length and D is the distance between the sensor and the lens. Then we can express the magnification as

γ = D a , (6) 
and thus we can rearrange Eq. (3) and Eq. ( 4) to obtain the working f -number expressed as:

N * = 1 + D a F A = D 1 D + 1 a F A = D A . (7) 
The fundamental design principle for light-field imaging is that the working f -numbers of the micro-lenses and the main lens are matched. This condition maximizes the fill factor of the sensor while avoiding overlap between microimages [3]. Both unfocused and focused plenoptic camera designs follow the f -number matching principle. As highlighted in [START_REF] Perwaßand | Single Lens 3D-Camera with Extended Depth-of-Field[END_REF], the micro images generated by the microlenses in a plenoptic camera should just touch to make the best use of the image sensor, meaning

d ∆C = D s -d A ⇐⇒ N * µ = N * l - d A , ( 8 
)
where d is the distance between the Micro-Lenses Array (MLA) and the sensor, D s = D + d is the distance between the main lens and the sensor, ∆C and A are respectively the diameters of the micro-lenses and the main lens, and, N * µ and N * l are respectively the working f -numbers of the micro-lenses and the main lens.

Since typically d

A, we have N * µ ≈ N * l . So, the working f -numbers of the main imaging system and the micro lens imaging system should match. This also implies that the design of the micro lenses fixes the f -number of the main lens that is used with the plenoptic camera.

A.3. Projection model

The blur aware plenoptic projection matrix P (i, k, l) through the micro-lens (k, l) of type i is computed as

P (i, k, l) = P (k, l) • K f (i) =     d/s 0 u k,l 0 0 0 d/s v k,l 0 0 0 0 s ∆C 2 -s ∆C 2 d 0 0 -1 0         1 0 0 0 0 1 0 0 0 0 1 0 0 0 -1/f (i) 1     =      d/s 0 u k,l 0 0 0 d/s v k,l 0 0 0 0 s ∆C 2 d 1 d -1 f (i) -s ∆C 2 d 0 0 -1 0      , ( 9 
)
where d is the distance between the MLA and the sensor, s is the size of a pixel, c k,l 0 = u k,l 0 v k,l 0 is the principal point of the micro-lens (k, l), ∆C is the diameter of the micro-lens, and f (i) is the micro-lens focal length.

B. Micro-image radii computation B.1. Image moments fitting

From raw white images, we measure each micro-image (MI) radius = |R| /s in pixel based on image moments fitting. We use the second order central moments of the micro-image to construct a covariance matrix. Raw moments and centroid are given by

M ij = x,y
x i y j I (x, y) and {x, ȳ} = M 10 M 00 , M 01 M 00 , and the central moments are given by

µ pq = x,y (x -x) p (y -ȳ) q I (x, y) . ( 10 
)
The covariance matrix is then given by

cov [I (x, y)] = 1 µ 00 µ 20 µ 11 µ 11 µ 02 = σ xx σ xy σ yx σ yy . (11) 
Finally, we chose σ as the square root of the greater eigenvalue of the covariance matrix, i.e.,

σ 2 = λ max = σ xx + σ yy 2 + 4σ 2 xy + (σ xx -σ yy ) 2 2 . ( 12 
) Finally, the radius is proportional to the computed standard deviation σ. 

B.2. Radii distribution analysis

An analysis of the micro-image radii distribution is given for three apertures N ∈ {5.66, 8, 11.31} in Tab. 1 for the dataset R12-A.

As expected, the radius decreases whilst the f -number N increases. The standard deviation is less than one-fifth of a pixel, meaning that our method provides precise results.

B.3. Coefficients estimation

From radii measurements at different f -numbers, we want to estimate the coefficients

X = m q 1 . . . q I of R N -1 = m • N -1 + q i (13) 
with

m = dF 2D and q i = 1 f (i) • ∆cD d + D • d 2 - ∆c 2 . (14) 
Note that m is a function of fixed physical parameters independent of the micro-lenses focal lengths and the main lens aperture. Therefore, we obtain a set of linear equations, sharing the same slope, but with different y-intercepts. This set of equations can be rewritten as AX = B, and then X = A A -1 A B where the matrix A (containing the f -numbers and a selector of the corresponding y-intercept coefficient) and B (containing the radii measurements) are constructed by arranging the terms given the focal length at which they have been calculated. Finally, we compute X with a least-square estimation.

C. Supplements on calibration results

Some parameters have been omitted in the main paper for compactness. Tab. 2 presents the complete set of intrinsic parameters with their initial and optimized values for our method and compared to [4]. As stated, the distortions coefficients are really low, and the MLA rotations are negligible. Indeed, in the case of industrial plenoptic cameras, such as Raytrix ones, a careful attention is payed to the co-planarity of the MLA and the sensor plane.

D. Insight about the datasets

We have presented three datasets in the submitted work: R12-A, R12-B, and R12-C. The devignetted images of the calibration targets from the dataset R12-A (Fig. 2), R12-B (Fig. 4), and R12-C (Fig. 6) taken at various angles and distances are presented below along with the poses at which they have been taken (Fig. 3, Fig. 5, and Fig. 7).

D.1. Software and setup

All images has been acquired using the free software MultiCam Studio (v6.15.1.3573) of the company Euresys. The shutter speed has been set to 5 ms. While taking white images for the pre-calibration step, the gain has been set to its maximum value. For Raytrix data, we use their proprietary software RxLive (v4.0.50.2) to calibrate the camera, and compute the depth maps used in the evaluation.

D.2. Dataset R12-A

The dataset has been taken at short focus distance, h = 450 mm. Therefore, the checkerboard squares size had to be decreased to 10 mm so we can observe the corner in image space. All the poses have been acquired at distances between 400 and 175 mm from the checkerboard.

Controlled evaluation. The dataset is composed of 11 poses taken with a relative step of 10 mm between each pose along the z-axis direction, at distances between 385 and 265 mm.

D.3. Dataset R12-B

The dataset has been taken at middle focus distance, h = 1000 mm. Therefore, the checkerboard squares size is set to 20 mm so we can observe the corner in image space. All the poses have been acquired at distances between 775 and 400 mm from the checkerboard. Controlled evaluation. The dataset is composed of 10 poses taken with a relative step of 50 mm between each pose along the z-axis direction, at distances between 900 and 450 mm.

D.4. Dataset R12-C

The dataset has been taken at long focus distance, h = ∞. Therefore, the checkerboard squares size had to be increased to 30mm so we can observe the corner in image space. All the poses have been acquired at distances between 2500 and 500 mm from the checkerboard.

Controlled evaluation. The dataset is composed of 18 poses taken with a relative step of 50 mm between each pose along the z-axis direction, at distances between 1250 and 400 mm. 

E. Source code and datasets redistribution

The datasets and the source code are publicly available to the community. Datasets can be downloaded from https://github.com/comsee-research/ plenoptic-datasets. We also developed an open-source C++ library for plenoptic camera named libpleno which is available at https: //github.com/comsee-research/libpleno. Along with this library, we developed a set of tools to pre-calibrate and calibrate a multifocus plenoptic camera, named COMPOTE (standing for Calibration Of Multifocus PlenOpTic camEra) which is available at https: //github.com/comsee-research/compote. 

Figure 5 :

 5 Figure 5: Micro-image radii as function of the inverse fnumber with the estimated lines (in magenta). Each type of micro-lens is identified by its color (type (1) in red, type (2) in green and type (3) in blue) with its computed radius. For each type an histogram of the radii distribution is given.

Figure 1 :

 1 Figure1: Focused Plenoptic Camera model in Galilean configuration (i.e., the main lens focuses behind the sensor) with the notations used in this paper. Pixel counterparts of metric values are denoted in lower-case Greek letters.

Figure 2 :

 2 Figure 2: Devignetted images of the calibration targets (9 × 5 of 10mm side checkerboard) from the dataset R12-A taken at various angles and distances.

Figure 3 :

 3 Figure 3: Poses of the camera while capturing the calibration targets from dataset R12-A.

Figure 4 :

 4 Figure 4: Devignetted images of the calibration targets (8 × 5 of 20mm side checkerboard) from the dataset R12-B taken at various angles and distances.

Figure 5 :

 5 Figure 5: Poses of the camera while capturing the calibration targets from dataset R12-B.

Figure 6 :

 6 Figure 6: Devignetted images of the calibration targets (7 × 5 of 30mm side checkerboard) from the dataset R12-C taken at various angles and distances.

Figure 7 :

 7 Figure 7: Poses of the camera while capturing the calibration targets from dataset R12-C.

Table 2 :

 2 Internal parameters (in µm) computed during the pre-calibration step for each dataset. The expected value for m is given by m * and the relative error m

Table 1 :

 1 Statistics (mean±std) over radii measurements (in µm) for each type of micro-image at different apertures.

	Type N = 5.66	N = 8	N = 11.31
	i = 1 56.79±0.56	47.08±0.53	42.76±1.04
	i = 2 53.68±0.95	41.71±0.78	35.68±1.36
	i = 3 56.58±0.91	44.46±0.73	38.98±1.32

Table 2 :

 2 Initial intrinsic parameters for each dataset along with the optimized parameters obtained by our method and with the method of [4].

				R12-A (h = 450mm)		R12-B (h = 1000mm)		R12-C (h = ∞)	
		Unit	Initial	Ours	[4]	Initial	Ours	[4]	Initial	Ours	[4]
	F	[mm]	50	49.720	54.888	50	50.047	51.262	50	50.011	53.322
	A 0	[×10 -5 ] 0	23.145	6.099	0	1.686	0.023	0	18.647	1.393
	-A 1	[×10 -6 ] 0	2.934	0.925	0	0.177	0.093	0	2.652	0.382
	A 2	[×10 -8 ] 0	1.078	0.303	0	0.023	0.007	0	1.036	0.104
	B 0	[×10 -5 ] 0	-9.870	-15.028	0	14.373	12.143	0	18.971	27.720
	-B 1	[×10 -5 ] 0	5.387	5.020	0	18.947	18.164	0	7.600	4.461
	D	[mm]	56.658	56.696	62.425	52.113	52.125	53.296	49.384	49.384	52.379
	-tx	[mm]	11.293	11.129	9.771	11.299	12.503	12.672	11.302	13.213	14.159
	-ty	[mm]	8.411	8.186	8.334	8.416	6.305	6.114	8.418	7.256	6.231
	-θx	[µrad]	0	875.200	468.600	0	648.400	576.200	0	575.100	487.700
	θy	[µrad]	0	669.700	321.800	0	417.400	350.400	0	445.600	366.100
	θz	[µrad]	0.553	30.100	25.300	16.989	36.600	35.300	27.961	44.500	49.100
	∆C	[µm]	127.51	127.45	127.38	127.47	127.45	127.40	127.54	127.50	127.42
	f (1)	[µm]	578.15	577.97	-	581.10	580.48	-	554.35	556.09	-
	f (2)	[µm]	504.46	505.21	-	503.96	504.33	-	475.98	479.03	-
	f (3)	[µm]	551.67	551.79	-	546.39	546.37	-	518.98	521.33	-
	u 0	[pix]	2039	2042.55	2289.83	2039	1790.94	1759.29	2039	1661.95	1487.2
	v 0	[pix]	1533	1556.29	1528.24	1533	1900.19	1934.87	1533	1726.91	1913.81
	d	[µm]	318.63	325.24	402.32	336.84	336.26	363.17	307.93	312.62	367.40
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