SCIENCE CHINA
Information Sciences

* Supplementary File ¢

Outdoor Full-range Geolocator with Multi-vision
Fusion and Self-supervised Truncation Filtering

Wenbin LIU!, Feng GAO', Yeyun CAI'", Lele ZHANG!, Yang LIU?,
Hailing FU!, Chen CHEN! & Fang DENG!?

LSchool of Automation, Beijing Institute of Technology, Beijing 100081, China
2Beijing Institute of Technology Chongqing Innovation Center, Chongqing 401120, China

Appendix A Current advances and limitations in target localization

Appendix A.1 Advances in camera-based localization

Extracting accurate depth information from images is a complex task. Targets farther away in an image often provide
misleading depth cues because of factors like focal length and resolution limitations. Many studies have attempted to
alleviate this problem through approaches such as depth supervision and stereo vision. According to effective localization
distance, the camera-based methods can be divided into short-range perception in tens of meters [1-3], and long-range
perception in hundreds of meters [4,5].

Short-range camera-based localization methods have been extensively studied in recent years. In early studies, influenced
by the success of 2D detection, researchers tended to perform localization based on detection results. After performing target
detection and metric parameter estimation, Deep3DBox [2] designs projective constraints to infer the targets’ position. Deep
Manta [6] applies EPNP to construct the photographic relations between the target’s CAD model and corresponding pixel
points. The work in [7, 8] applies binocular vision methods to restore the depth information of objects within 20m. The
system in [9] consists of three cameras to locate short-range targets within 5m. These methods have strong generalizability
due to interpretable geometric reasoning, but the strict correspondence constraint between detection and localization reduces
their localization accuracy for long-range targets.

Other researchers revisited target localization from a 3D perspective, attempting to directly fit the relationship between
target depth and 3D appearance. GS3D [10] locates a target by fine-tuning a guidance cuboid. The 2D and 3D losses
are disentangled in [11] for more efficient training. 3DiffTection [12] introduces a novel method using a 3D-aware diffusion
model, achieving superior performance on the Omni3D-ARkitscene dataset. The methods in [13-15] design various deep
networks to perform depth estimation in indoor environments (e.g. the perception range of [13] is less than 5m). These
methods exhibit poor generalizability when their prior knowledge is not suitable for unknown environments [16]. Besides,
these methods are trained on public datasets containing short-range targets (e.g. KITTI [17] contains objects in an average
distance of 29m with a standard deviation of 17m). Thus, they cannot accurately locate long-range targets [18].

In long-range target localization, some significant attempts have been made. The binocular vision method is used in [19]
to detect obstacles within 200m. Another parallel model is applied in [5] to geolocate outdoor long-range targets within
500m. MGG [4] simplifies the localization pipeline by using a single camera to locate targets within 150m. These methods
essentially employ cameras with a large focal length or increase the length of the baseline between shots. These two
approaches inevitably bring a narrow field of view (FoV) to the camera, resulting in the missing of short-range targets.
MonoGAE [20] introduces a novel roadside monocular 3D object detection framework using intelligent roadside cameras,
enabling long-range target localization. The CNN-based system [16] successfully produces the depth map for targets from
Om to 150m. Unfortunately, it’s difficult to be directly applied in practical applications due to the mapping ambiguity caused
by diverse projective scales [18]. Multi-vision systems designed in [21-23] successfully track targets in a wide distance range.
However, these systems are large and difficult to deploy in real applications.

Appendix A.2 Limitations of existing methods

Although camera-based localization methods have been thoroughly tested on datasets, they are still not fully ready for
real-world outdoor applications. Specifically, two main challenges need to be resolved:

First, cameras with a single focal length cannot maintain accuracy across the full range. As shown in Fig.
Al, a fixed focal length determines the working area(WA). Targets that are too close will suffer from truncation, while those
that are too far will suffer from resolution limitations. In both cases, accurate localization cannot be achieved. Multi-view
stereo vision can mitigate this issue, but most current methods use cameras with similar focal lengths. These methods
either enhance depth cues within the same WA [24,25] or increase the field of view (FOV) [26], but they do not expand the
WA.
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Figure Al Cameras with a single focal length cannot maintain accuracy across the full-range.

Second, learning-based methods are costly to deploy in the real world. Most current public datasets are
collected with cameras of similar focal lengths, which often do not match the focal lengths used in the real world. It's nearly
impossible to recollect su cient data for deployment due to the high cost of 3D annotation. Recent studies have attempted
to enhance the model's generalization ability across di erent focal lengths. The work in [27] restructured several existing 3D
datasets collected at di erent focal lengths to create a new benchmark, Omni3D. The methods [27,28] reported on Omni3D
demonstrated good generalization across focal lengths within the dataset's range but still failed to handle images taken at
focal lengths outside this range. Depth Anything v1 [29] and v2 [30] were trained on a large number of unannotated images
with varying focal lengths, enabling good relative depth estimation on images with new focal lengths. However, they still
need ne-tuning on existing 3D datasets for accurate absolute depth estimation and cannot perform well without su cient
annotations.

Appendix B Methodology

The proposed FMVG is divided into three parts as shown in Fig. B1:

1) First, blind-spot-free WA expansion solution. WA models of single-camera and multi-camera arrays are designed. The
setups of candidate cameras are determined mathematically based on WA models.

2) Second, target localization with truncation Iter. Use the camera array obtained in the rst step to shoot targets
simultaneously. Based on our previous work [4], we sequentially perform 2D parameter estimation and target localization.
Additionally, we add a self-supervised truncation detection module to Iter out poor localization results from a single camera
caused by truncation.

3) Third, multi-vision fusion. Multi-camera joint calibration provides mapping factors to align 2D BBoxes on a uni ed
image plane. Detection results of the same target are then associated and assigned unique global IDs based on 2D intersection
over union (loU). Location estimates are fused through maximum likelihood estimation (MLE). The geolocalization of the
targets can further be obtained by a series of coordinate transformations with the necessary navigation parameters.

Figure B1 Overview of FMVG. The blind-spot-free WA expansion solution integrates the WAs of cameras with di erent focal
lengths to maintain accuracy across the full range. In target localization with a truncation lIter, each camera performs localization
simultaneously and Iters out poor results. Finally, multi-vision fusion involves associating and integrating the results to achieve
more accurate localization, which is then converted into absolute geographic positions.
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Appendix B.1  Blind-spot-free WA expansion solution

A single camera can only maintain localization accuracy within a speci ¢ WA. Based on the projective theory, we can obtain

T, = fH o=h, where T; is the depth of the target from a camera, f is the camera's focS\I length, and h is the projection size
of the target's height H,. As shown in Fig. B2(a), the curve is very steep when w < = fH o, meaning that a small o set of
h in this interval will cause a large localization error. Therefore, Ry and Ry, representing the upper and bottom boundaries
of the single-camera WA respectively (shown in Fig. B2(b)), are de ned as follows:

Ru:pro;

Ho, ®1)

sz
I'h

where |, is the vertical resolution of the captured image. Considering Ry should be farther than Ry, we can obtain
f6 . (B2)

We propose a blind-spot-free WA expansion solution to ensure the symmetrical expansion of the WA without any blind
spots. As shown in Fig. B2(c), the base camera c;, has the smallest focal length. Cameras on both sides are symmetrically
distributed and their focal lengths gradually increase, which can be expressed as  fy  fri >f; 1 fri 1) >fp, where
f is the focal length of camera c .

Considering the symmetry, camera c¢; is taken as an example for analysis. The intersection point of two symmetrical
visual elds is de ned as a blind spot. These spots should be removed to build a continuous joint WA. Therefore, the depth
of the blind spot needs to be closer than R *, which can be expressed as

q___
I fig 1Ho
2Lx; '

fii 6 (B3)

where Lx; is the length from camera c; to camera cy. In addition, the bottom boundary of camera ¢ 's WA should be in
i1

the range of Ry *, which is
|hq fig 1Ho
fi 6 — (B4)
Ho
Combined with the Eq. B2, the joint WA is continuous in the feasible range (| 1):fm) of fj;, where fr is
Ihqfl(i yHo Ihqfl(i yHo |2
fm =min f : i g (B5)
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In summary, when the base camera cp with a focal length fy, is selected, the focal length f; of camera ¢ is acceptable
within its feasible range of ( f;; 1y;fm). fri can also be determined by fj fri . The upper and lower boundaries of the
expanded WA are de ned as:

_ fuHo (B6)

where, Ry array  Of the multi-camera array is actually the bottom boundary Ry of the base camera c,'s WA after fusing
multiple visions.

Appendix B.2 Target localization with truncation Iter

Appendix B.2.1 Target localization

Given an RGB image, we rst use an existing object detection pipeline [31] to obtain the target's 2D position B,g. MGG [4]
is applied to estimate the orientation , the dimensions [Ho; Wo;Lo], and the 3D center projection point [ oﬁd;og'd]. Then,
we recover the target's relative position T¢[Tx;Ty;T,]" based on imaging principles:
Ho(03? o Ho (o3¢ fH
T, = o0y X);Tyz o(0y Oy);Tz: . ®7)
hr hl’ hr

where hy := b}, denotes the 2D projection of the target's height, by, is the 2D bounding box height, and is the parameter
to be optimized. ox and oy are the pixel coordinates of the camera principal point.

The core idea is that an object's 3D outer box B, and its 2D bbox B,g4 should overlap to the greatest extent. L  distance
is chosen to calculate the overlap between B, and B,q4, and the objective function W ( ) is constructed by

L2(Bo;B2g) .

W( )= > ; (B8)
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Figure B2 (a) The curve of T, = fH o=h. (b) The WA model of a single camera. A target within the WA is considered detectable
and accurately positionable. (c) The WA model of a multi-camera array. The joint WA is extended after combining cameras Cji
and ¢y .

where the solution space of is (0;1=h,), and | is the vertical resolution of the input image. The optimal solution
can be obtained by
=argmin (W( )); (B9)

which is then substituted into Eq. B7, and the target's relative position can be calculated.

Appendix B.2.2 Truncation ltering

We generate pseudo-truncated images from complete 2D detections using randomly generated masks and calculate truncation
labels based on these masks. This generated data and the corresponding labels are then used to train the truncation
estimation network.

As shown in Fig. B3, a mask with height mp and width my, is randomly generated on the cropped image by

Mp = RI( rmin bnsmax bh);
Mw = RI( min By ;rmax bw);

where rmin - and rmax are the minimum and maximum proportions of the mask's side length to the image's side length,
respectively. The operation RI( x;y) represents a random integer in the interval ( x;y). The center of the mask p®(cx;cy) is
randomly selected by

(B10)

Mw , Mw .
cx =RI( Erb\N mﬁ )i ®1)
¢y = RI( Tibh 7):

The truncated area can be generated by cropping the left top point  p' (p;;pt) and the right bottom point  p™ (pr ; py) of
the mask, where

Mw mp
P = Cx Ti pt = Cy 7?
Mw mh (B12)
pr—Cx+Ty pb—cy+7-
We further produce labels [j;l¢;1r;1p by
I =1In n':i; Ik =In rﬁ—‘;
w h
(B13)
|r =|n u, Iy =In u:
My mp

where logarithmic labels are used to balance the magnitudes of di erent numerical ranges.

The truncation estimation network is shown in Fig. B3. The input is the RGB image of a target's 2D bbox, which is
then resized to 224 224. The outputs are written as [ I1; It; IT; [5]. The MSE loss is adopted for designing the loss function
Luvse of the network, which is

1 8
Lwse = = (I NZ+(F 1)2+(F 1) +(F 157 (B14)
i=1
where B is the batch size used in the training process. Then, the truncation degree Ig of the target can be established by
F=1 (7 + &b)eT+ €M) (B15)

The severely truncated objects with a high truncation degree will be ltered by the truncation estimation network.
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Figure B3 Framework of the truncation estimation network. The outputs of the network ( IT; IT;I7; 1) are nally transformed
into the truncation degree lg.

Appendix B.3  Multi-vision fusion

Appendix B.3.1 2D projection association

Correctly associating localization results from the same target is essential for multi-vision fusion. We propose 2D projection
association to match results from di erent cameras on the 2D image plane.

Suppose the homogeneous coordinate of a target in the world coordinate system is X . In our framework, any two
cameras ¢; and ¢; are placed in parallel with a translation vector ~ V[vy;0;0]". The homogeneous coordinates of a target's
projection in the image planes of ¢ and ¢ are x;[uj;Vvj; 1] and x; [uj;v;; 1], respectively. x; and x; form a pair of feature
matching points. So we can get

sixi = Ki[l jOIX ;

. (B16)
sixj = Kj[l jVIX ;
where s; = s; are the target's depth from ¢ and ¢, respectively.
The intrinsic matrices K; and K; are de ned as
2 -3 2 -3
fi 0 o fx 0 o
ki=§o 1 ik, =§o 1) di: (B17)
0 0 1 0 0 1
Further, we can obtain
ul = iuj gol + 0 L(Vx;
fh L s
fi i (B18)
iz Yy Y j -
v f;, % y o, + o:

It can be seen from Eq. B18 that there exists a proportional relationship between two parallel-placed cameras.

The image size of an object at the distance s; in the image plane of ¢ is bL = Hof)i:si fivx =sj, so the in uence
of fyvx=s; is small enough to be ignored. In addition, considering the inevitable errors in actual camera calibration and
installation, Eq. B18 is simpli ed by a set of mapping factors ~ mpj, (k' ';ki' el Titl! 7Y, which can be expressed as

u=Kki' a4 d! b
V= kju! v o+ tju! i (B19)
Vv v N
where kL!:Vi and tL!:Vi are the scaling factors and the translation factors in the u and v directions, respectively. The mapping
factors mpj: ; can be calculated from the intrinsic parameters of the calibrated camera. Multi-camera joint calibration
is performed to calibrate the mapping factors mpj: ;. Specically, we rst take a group of photos using cameras ¢; and
¢ . Then the SURF algorithm [32] is applied to nd feature matching pairs. Finally, the Least Squares Method is used to
solve mpj: . Scenes captured by cameras with a large focal length are often included in scenes captured by cameras with
a small focal length. The base camera c, with the smallest focal length is selected to receive detected results mapped from
other cameras. Fig. B4(a) shows a typical example of 2D BBoxes mapped from other camera planes to the plane of ¢, via
mapping factors. Fig. B4(b) shows a group of calibration results, indicating that k]u!:vl and t’u!:V' obey Gaussian distribution
and can be calibrated.
The 2D projection association process is implemented in Algorithm 1. Global IDs are assigned to the di erent detections
of the image captured by cy in the rst step. In the second step, the detections of ¢; are mapped to the image plane of cy.
A detection is assigned an ID when the maximum loU between its mapped 2D bbox and an existing detection with that
ID exceeds the threshold Ng. Otherwise, it is considered as a new detection with a new global ID.
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Figure B4 (a) 2D mapping and global ID allocation. (b) Mapping factors.

Appendix B.3.2 Fusion geolocalization

To obtain high-accuracy target positioning in full range, data fusion of multi-camera results is required. Let the random
variable d; be the depth measurement of sensor i(i = 1;2;:::;1). Let f(dij ) represent the probability density function of
d; with respect to the target depth ,and assumef (dij ) N¢(; iz), where ,2 represents the measurement variance of
di erent sensors. Here, we set the variance |2 to the absolute value of the slope of the camera WA curve (as shown in Fig.
B2(a)) at T; = d;.

When a set of localization result D = (djp;dz;:::;d)) is given, the maximum likelihood estimate of the mean can be
expressed as:

Y
A =argmax L( ;D) =argmax f(dij ); (B20)

where,

eX
f(dij )= — : (B21)
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Solving for , we obtain:

P, d;
i=1 ~ 2
Nep—i (B22)
i=1 "2
1
At this time, the variance estimate 2 js:
1
i (B23)

From Eq. B23, we can get 2 < 2(i =1;2;1). It shows that compared with the estimation results of a single camera,
the results A after fusion are more stable and reliable.
Furthermore, given the necessary navigation parameters, including the GPS coordinates of the shooting location and

the declination from the camera to the North Pole (True North), the absolute global geographic locations of targets can be
obtained.

Appendix C Experimental results

Extensive experiments are conducted to validate the e ectiveness of our proposed FMVG in a real outdoor environment.

Appendix C.1 Experimetal con gurations

The multi-vision geolocalization system is designed and shown in Fig. C1. The inertial measurement unit (IMU) is used

to adjust the XZ plane of the camera to be parallel to the ground. The onboard compass is used to record the GPS of the
shooting location, and the angle m between the Z-axis of the camera coordinate and the Magnetic North. The angle
between the Z-axis of the camera coordinate and the True North can be obtained by = m + a . The experiments are
taken in Henan, China, so a is about 4 .

Figure C1 Multi-vision geolocalization system. The system comprises a symmetrical multi-camera array that contains ve
cameras, an IMU, an onboard compass, and a computing unit.

The experiment settings and system con gurations are shown in Table C1 and Table C2, respectively.

A total of 10 groups of real experiments are conducted using the built system. A laser range nder is applied to measure
the relative position from the 3D center of the target to the optical center of the camera Cp, and then the targets' ground-truth
GPS can be calculated by using the navigation parameters of the shooting place P. Table C1 provides the con gurations
for a subset of the experimental groups (email authors for all experiment data). Targets are located at full range from 9m
to 137m. The focal length of the base camera is 1143 pixels, and the interval between two adjacent cameras is set to
0.05m.

The selected cameras are within the calculated range and listed in Table C2.

In this paper, only one group of camera arrays is chosen for showing the performance of our method. The mapping
factors of the multi-camera array (described in Eq. B19) are further calibrated by shooting 50 image sets of surroundings,
and the results are shown in Table C2.
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