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Abstract: The paper addresses local path planning for autonomous mobile robots that carry loads in a warehouse shared
by people and several robots. A planar LIDAR mounted close to the floor observes only the legs of a load-carrying rack,
so the costmap marks the space beneath the rack as free and a loaded robot may strike the deck. We propose the RAP
method (Rack-Aware, Payload-aware Planning): a two-channel convolutional neural network separates rack legs from
people and other robots, the rack pose is recovered from two to four legs by a Procrustes estimator, confirmed with a
depth camera, a 3D LiDAR or a monocular camera, and projected into the costmap as a load-carrying volume with a
certified safety margin. Depending on the payload height, the robot either passes under the rack or goes around it. The
estimator is proved to attain the Cramér—Rao bound, and all theoretical results are verified numerically. In 640 paired
episodes RAP achieved 95.0 % success with 1.9 % safety violations, and in Gazebo/ROS 2 experiments the loaded robot
never struck a rack deck.

Keywords: warehouse robots, local path planning, load-carrying rack, LIDAR, depth camera, convolutional neural net-
work, ROS 2, Gazebo.

Annotatsiya: Magolada odamlar va bir nechta robot birga harakatlanadigan omborxona mubhitida yuk tashuvchi avtonom
mobil robotlar uchun mahalliy yo'l rejalashtirish masalasi ko'rib chigiladi. Polga yaqin o‘rnatilgan 2D LiDAR yuk qo'yil-
adigan javonning faqat oyoglarini ko‘radi, natijada xarajat xaritasida javon osti bo‘sh deb belgilanadi va yuklangan robot
javon taxtasiga urilishi mumkin. Muammoni hal qgilish uchun RAP (Rack-Aware, Payload-aware Planning) usuli taklif eti-
ladi: ikki kanalli konvolyutsion neyron tarmoq javon oyog‘ini odam va boshqa robotdan ajratadi, javon holati Prokrust mas-
alasi orqali 2—4 ta oyoqdan tiklanadi, chuqurlik kamerasi, 3D LiDAR yoki oddiy kamera ma’lumotlari bilan tasdiglanadi va
kafolatlangan xavfsizlik zaxirasi bilan yuk tashuvchi hajm sifatida xaritaga proyeksiyalanadi. Robot yukining balandligiga
garab javon ostidan o'tish yoki uni aylanib o‘tish qarori gabul gilinadi. Baholovchining Kramer—Rao chegarasiga erishishi
isbotlangan va barcha nazariy natijalar sonli tajribada tasdiglangan. 640 juftiangan epizodda RAP 95,0 % muvaffaqiyat
va 1,9 % xavfsizlik buzilishini ko‘rsatdi, Gazebo/ROS 2 tajribalarida esa yuklangan robot bironta ham javon taxtasiga
urilmadi.

Kalit so‘zlar: omborxona robotlari, mahalliy yo'l rejalashtirish, yuk tashuvchi javon, LIiDAR, chuqurlik kamerasi, konvoly-
utsion neyron tarmoqg, ROS 2, Gazebo.
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AHHOTaumsA: B cTtatbe paccmaTtpuBaeTcs 3agada NokanbHOro NiaHMpOBaHUS MyTU aBTOHOMHbIX MOGUbHBLIX POGOTOB,
NnepeBo3sILUMX PYy3bl HA CKNage, rae OOHOBPEMEHHO MEPEMELLAIOTCS MAN U HECKONMbKo poboToB. [IByMepHbIM nuaap,
YCTaHOBIEHHbIN HA3KO HaA NMOMOM, BUAMT TOMbKO HOXKW FPY30BOr0O CTenaxa, No3ToMy NPOCTPAHCTBO MOJ CTEMMaXoM
OTMeYaeTCsl Ha KapTe CTOMMOCTM Kak CBOOOHOE, U HarpyXeHHbI poBOT MOXET yaaputbcs o nornky. MNpeanoxeH meton
RAP (Rack-Aware, Payload-aware Planning): AByxkaHanbHas CBEPTOYHAs HEMPOHHAsA CETb OTNMYAET HOXKY CTennaxa oT
YyernoBeka 1 gpyroro poboTa, NonoXeHNe cTensnaxa BoOCCTaHaBNMBaETCsi MO 2—4 HOXKaM peLleHnemM 3agaym MNpokpycra,
NOATBEPXKAAETCH AaHHLIMWU Kamepbl ryOuHbI, TPEXMEPHOrO Nuaapa Unu obbl4YHOM KamMepbl U NMPOELMPYETCS Ha KapTy
KaK rpy3oHecyLinin o6bEM C rapaHTMpoOBaHHbIM 3anacoM 6e3onacHocTu. B 3aBMCMMOCTU OT BbICOTHI Fpy3a MpUHMMAa-
€TCS peLleHne npoexarb NoA CTeNnaxom unvm obvexatb ero. [lokazaHo, YTO OLEeHKa AoCTUraeT rpaHuLbl Kpamepa—Pao,
BCE TeopeTuveckue pesynsratbl NOATBEPXAeHbl YncreHHo. B 640 napHbix anu3ogax RAP nokasan 95,0 % ycneluHbix
npoe3aos npu 1,9 % HapyleHun 6e3onacHocTn, a B akcnepumeHTax Gazebo/ROS 2 HarpyxeHHbIi poboT HU pasy He
yAapurcsi o MosiKy cTennaxa.

KnroyeBble croBa: ckrnafckue poboThbl, MokarnbHOE NiaHnpoBaHWe NyTu, rpy30BON CTennax, nuaap, kamepa rnyouHsbl,
CBEPTOYHasi HeMpoHHas ceTb, ROS 2, Gazebo.

INTRODUCTION

Autonomous mobile robots (AMRs) are widely used to move loads in warehouses and logistics centres
[1]. A modern warehouse floor changes constantly: people walk in the aisles, several robots move at the same
time, and mobile racks that carry loads are moved during a shift and sometimes left in the middle of an aisle.
Most robots perceive this environment with a single 2D LiDAR mounted 0.2—0.3 m above the floor, which is the
main source for localisation and obstacle avoidance [2-5].

For load-carrying racks the planar scan is misleading. A rack whose deck holds cartons appears in the
scan only as four small returns produced by its legs. A costmap built from these returns marks the legs as
obstacles and the area between them as free (Fig. 2). For a 1.6 x 0.8 m rack the 1.42 m gap between the
legs is wider than the robot plus its safety margin, so a shortest-path planner sends the robot straight under
the rack. Whether this is safe depends on the payload: an empty robot of 0.47 m height fits under a 0.70 m
deck, whereas the same robot carrying a 0.45 m tote is 0.75 m tall and strikes the deck. The problem has been
observed even in systems that fuse LIDAR and RGB-D data [6], and actively pointing a camera between the
legs is too slow for a fast robot [7].

The object of the study is a four-wheel load-carrying AMR in a warehouse shared by people and several
robots. The subject of the study is methods for recognising load-carrying racks from sensor data and for
payload-aware local path planning. The aim is to develop a local planning algorithm that recognises a rack
from its legs, confirms it geometrically, projects it into the map as a load-carrying model and, depending on
the robot’s payload, decides whether to pass under the rack or go around it. The tasks are: to separate racks,
people and robots; to estimate the rack pose and justify its accuracy theoretically; to derive a safety margin
and a payload-dependent decision rule; and to test the method in a statistical simulator and in Gazebo/ROS 2.

REVIEW OF LITERATURE ON THE SUBJECT

Occupancy grids [2] remain the main world model in navigation. The ROS navigation stack [3], layered
costmaps [4] and Nav2 in ROS 2 [5, 8] provide obstacle, inflation, keepout and voxel layers, and local controllers
such as the dynamic window approach [9] and model predictive control [10] rely on this 2D map only. Obstacles
above the scan plane are usually handled with 3D sensors: octree maps [11] project point clouds up to the robot
height into the map, and Al-Tawil et al. [6] fuse RGB-D virtual scans with LIDAR and report that the empty space
between table legs causes collisions.

Recognising racks from their legs has mainly been studied for docking, where the robot drives under the
rack and lifts it: shelf models with least-squares fitting [12] or a learned detector [13] are used. Our objective
is the opposite — not to enter under a rack if the load does not fit. People have been detected in 2D scans
with geometric features [14] and convolutional networks [15], and confusion of table legs with human legs is
known [16]. Human-aware navigation [17] and chance-constrained planning [18] require prediction of agent
motion, while four-wheel skid-steer platforms are modelled through the instantaneous centre of rotation [19,
20]. None of the reviewed works combines rack recognition from legs, separation of racks from people and
robots, confirmation with any available sensor, a certified safety margin and a payload-dependent decision.

https://ist-journal.uz t.me/scupus_IST2100 @
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RESEARCH METHODOLOGY

Rack and robot model. A rack is described as T = (¢, g, x), where ¢ is the centre, ¢ the yaw and «
the index of the rack type in a catalogue (length L, width W, deck clearance h, leg side s, corner inset e).

The leg centres are

- . . - L S w S
Bi=EHR@T, GE{Fazh) a=g-e-z, b=——e-=. (1)

The robot (Fig. 3) is a four-wheel skid-steer platform with wheel radius r = 0.08 m and track width
B = 0.42 m. Following the instantaneous-centre-of-rotation model [19, 20],
r(wg + wr) r(wg — wr)
Vy=——"m—m—m—, 0 =—
2 xB
where y = 1 is the slip factor. To prevent an unsecured tote from sliding, the lateral acceleration is
limited (n,;, = 0.1, safety factor S = 2):

) X =vecos8, y=vesing, 8=w, (2)

S " hy " 2hg
The robot at pose X collides with a rack if its footprint F(X) touches a leg, or if it enters the deck
footprint 7 (T) while its height b, (m) is not smaller than the clearance:
collXT,m) & FE)NUL(T) #2 vV (FXNP(T) #2 A h(m)=h). (4)

The local planner selects a control sequence whose probability of being collision-free is at least
1 —a. ltis proved that if 2a —s > w, + 2ry,¢ (w, — robot width, r;,¢ — inflation radius), the free space of a 2D
costmap contains poses under the rack deck; fora 1.6 x 0.8 mrack 2a —s = 1.42 m and w; + 2r;,r = 1.00
m.

v, w] < apa(m) = min( ) ~ 0.5 m/s’. (3)

The RAP algorithm (Fig. 1) performs the following steps every 0.1 s. First, the scan is segmented
into clusters, and clusters not wider than 0.18 m are taken as leg candidates. Second, a two-channel
convolutional neural network (CNN) assigns each candidate to the class rack leg, human leg or robot part;
its inputis a 2 x 32 x 32 raster with the current scan in channel 0 and the scan taken 0.5 s earlier in channel
1, so static legs coincide in both channels while moving objects are displaced. Third, the rack pose is

computed from the static legs {f)’k} by the closed-form solution of the Procrustes problem [21]:
$ = atan2 (Z Qi X Pio Zﬁk : ﬁk), {=F-R@®)G. (5)
K K

A hypothesis must lie inside the workspace and pass the negative information test: if all beams in
the direction of an expected but unobserved leg reach more than p = 0.15 m beyond it, the beam has
passed where the leg should stand and the hypothesis is rejected. Fourth, racks are tracked with a Kalman
filter, and points returned from the deck underside by the depth camera or 3D LIiDAR and leg feet in the
image are added as confirming evidence:

P(rack | Z1:t) = G(fgeo + 'fcue)J (6)

where o is the logistic function, £,., the geometric and £, the sensor log-odds. The deck clearance
h is estimated as the lower decile of the heights of elevated points, capped at the catalogue value. Finally,
if h,(m) + € < h (e = 0.05 m) the robot may pass under the rack and only the legs enter the map; otherwise
the deck footprint inflated by the margin &, is marked as impassable. People and robots are predicted 2 s
ahead with Kalman filters, and the planner chooses the cheapest arc that satisfies (3).

Theoretical results. If the leg coordinates have normal noise of variance o2, the estimator (5) is
unbiased to first order, and its covariance equals the inverse Fisher information, i.e. the Cramér—Rao bound
[22]:

02

S S - LIPS, ~
Var@ =g Cov(®) =1+ (MDD S, = PN (7)
k

With the margin &, = k( trCov(c) + pJVar(@)), p = 1/2V12 + W2, the probability that the true

deck footprint lies inside the inflated estimate is bounded from below:
Pr[P(T) € P(T) ®B(S)] = 1—-e¥/2 = 2(1 - 2(k), (8)
and the bound improvesto 1 — e K — 2(1 - CD(k)) when four legs are observed. If at least a fraction
m, Of the height samples comes from the deck underside, the decision based on the lower quantile makes
a wrong “pass under” decision for the loaded robot with probability at most
Pr[wrong decision] < exp(—2N(q — p)?), q =T, ®(e/c,). (9)

122 t.me/scupus_IST2100 https://ist-journal.uz
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Experimental setup. The experiments were carried out in three stages: each theoretical result was checked
by Monte Carlo simulation; paired episodes were run in a statistical 2D simulator of a 20.5 x 11.6 m warehouse;
and closed-loop tests were run in Gazebo Harmonic 8.10 [23], ROS 2 Jazzy [24] and RViz2 (Figs. 5-6). The
warehouse contains 24 mapped racks, up to five unmapped (abandoned) racks, three pedestrians and two
other AMRs. Scenarios: S1 — mapped racks only, S2 — additional abandoned racks, S3 — people and robots,
S4 — all together; each scenario was run in 20 random worlds with the loaded and the empty robot. Compared
methods: A — 2D costmap [4, 5], B — keepout mask [8], F — LIDAR and depth-camera voxel fusion [6, 11], and
the proposed RAP. Results were evaluated with Wilson confidence intervals [25] and the paired McNemar test
(Figure 1, 2, 3) [26].

Sensing
2D LiDAR 3D LiDAR Depth camera RGB camera Prior 2D map,
2707, 10Hz 16 rings (RGB-D) (monocular) payload fyyg. m
| |
Perception l E—
\| SRR, | ¥ X
Scan segmentation Two-channel CNN Elevated retumns, image cues
leg candidates ji; 2 rack leg / human / robot deck points, leg feet, deck edge
static | —
‘/’.\lﬂllc =2 ) Ilul.mu]fmlm[ v
Rack hypotheses Validation: interior, ‘ Multi-cue confirmation
Procrustes fit (Alg. 2) workspace, negative info, | P(rack | Z). clearance i (Alg. 3)
Modelling J' ll‘&
Rack tracker i A el Agent lracl.wr (p@plg. AMRs)
Kalman, log-odds, — P(T) © BB, h constant-velocity
leg exclusivity ' SHEARDD L KE, 25 prediction
Decision and plnnl:ing
Payload-aware decision 1

avoid: +8; Costmap synthesis <
+ A* global path

I — I

Sampling MPC local planner -[ (o)

he(m) +€ < h?
pass under : avoid

footprint, agents, Ve < amax(m) 4WD skid-steer AMR

Figure 1. Block diagram of the RAP method?

payload strikes the deck load-carrying rack

ft, = 0.75 m (loaded robot) \ |

h =070
..I ' " 2D LiDAR plane, z = 0.25 m

o o

Figure 2. Leg illusion: the 2D LiDAR plane crosses only the rack legs, while the loaded robot is taller than the deck
clearance?

1 Source: Author’s own work.
2 Source: Author’s own work.
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vy =r(wg+wg)/2
o = r(og —og)/(xB)

Vy +XICR O = 0

B roy,

X =v.c080, y=r,sin0, 6=0

|ve| + xBlw|/2 < rQ

[ve@| < amax(m) = min{Uming/S,

gwi/hy, gB/(2hc,)) = 0.5 m/s?

B=042m,L, =040m, r=0.08 m

Figure 3. Kinematic model of the four-wheel skid-steer AMR and the payload stability condition?

ANALYSIS AND RESULTS

Verification of the theory. Table 1 compares Monte Carlo estimates ( trials) with the theoretical values.
The rack centre and yaw errors agree with the Cramér—Rao bound within 0.8 %; with the inflated estimate
contained the true deck in 99.81 % of the trials for three legs and 99.94 % for four legs, with a margin of only
5-6 cm. Under the influence of points returned from the sides of cartons the median estimate was biased by up
to 7.3 cm and led to wrong decisions, whereas the lower decile produced no wrong decision (Table 1).

Table 1. Monte Carlo verification of the theoretical results*

Quantity Condition Monte Carlo Theory

Centre error, cm 2/3/4legs, 0=2cm 2.099 /1.683 / 1.419 2.101/1.683 /1.414
Yaw error, ° 2/3/4legs 1.102 / 0.876 / 0.708 1.102 / 0.869 / 0.709
Containment probability, (8) 3/ 4legs, k=2 0.9981 / 0.9994 >0.819 /=20.936
Depth error (monocular), cm d=2/45/7m 4.24 /21.18 /51.57 4.16 / 21.05 / 50.95
Wrong decision, median N=20, ®_0=0.15 1.6-103 -

Wrong decision, lower decile, (9) N=20, 1_0=0.5 0 <1.8-10%

Obstacle-type recognition. On 15 607 clusters from 80 unseen warehouse layouts (13 459 rack legs, 1 452
human legs, 696 robot parts) the two-channel CNN reached an accuracy of 0.979 and a macro-F1 of 0.925;
only 0.6 % of rack legs were assigned to the moving classes (Table 2).

Table 2. Obstacle-type recognition results (recall per class)®

Classifier Accuracy Rack leg Human leg Robot part Macro-F1
Two-channel CNN (proposed) 0.979 0.994 0.895 0.864 0.925
One-channel CNN 0.972 0.995 0.841 0.799 0.901
Classical rule (motion + width) 0.816 0.868 0.687 0.089 0.489
Two-channel CNN, Gazebo scans 0.981 0.986 0.920 0.916 -

Navigation in the 2D warehouse. Fig. 4 and Table 3 present the 640 episodes of the main experiment. In
scenario S1 all methods reached 100 % success, which shows that the shared planners do not influence the
result. Abandoned racks separate the methods sharply: with method A the loaded robot struck a deck in 10 of
20 episodes in S2 and in 14 in S4, with method B in 6 and 7, whereas F and RAP produced no deck strike.
Over all scenarios RAP achieved 95.0 % success with 1.9 % safety violations, compared with 76.2/21.2 %,

3 Source: Author’s own work.
4 Source: Author’s own work.
5 Source: Author’s own work.
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80.6/12.5 % and 90.0/5.6 % for A, B and F. The McNemar test showed that the superiority of RAP over Aand B
is statistically significant (), while the difference to F is not significant at this sample size (). With the loaded robot
RAP produced no safety violation in 80 episodes. The empty robot in S4 drove on average 1.44 m under racks
per episode, so rack awareness did not cost the shorter routes. In additional experiments RAP never struck a
deck with any sensor configuration, including the 2D LiDAR alone; when the depth camera failed completely,
the success of method F fell from 100 % to 50 %, while RAP kept 83 % (Figure 4; Table 3).

BN A: 2D costmap B B: kecpout mask [0 F: LiDAR+dcepth voxel B RAP (proposed) EZA deck strikes
100 A
80 -+

60_

episodes [%]

40

20 +

S1 Sl s2 s2 83 83 S4 S4
loaded empty loaded empty loaded empty loaded empty

Figure 4. Success rates of the methods in the main experiment (20 paired episodes per bar); hatched part - deck
strikes®

Table 3. Results of the main experiment: success, % (safety violations / deck strikes)’

Scenario Payload A: 2D costmap B: keepout F: LiDAR+depth RAP

S1 loaded 100 (0/0) 100 (0/0) 100 (0/0) 100 (0/0)
S2 loaded 50 (10/10) 55 (6/6) 95 (0/0) 90 (0/0)

S2 empty 95 (0/0) 85 (0/0) 95 (0/0) 90 (0/0)

S3 loaded 80 (4/4) 95 (1/0) 85 (2/0) 100 (0/0)
S4 loaded 20 (16/14) 45 (9/7) 85 (2/0) 95 (0/0)

S4 empty 65 (4/0) 70 (3/0) 75 (4/0) 95 (1/0)
S1-S4 all 76.2 (21.2 %) 80.6 (12.5 %) 90.0 (5.6 %) 95.0 (1.9 %)

Closed-loop tests in Gazebo/ROS 2. Eight Gazebo worlds of type S4 were generated from the simulator
seeds: 29 racks with cartons, three pedestrians, two AMRs and the URDF model of the robot equipped with a
2D LiDAR, an RGB-D camera and a 3D LiDAR. With method A the loaded robot struck a deck in 6 of 9 tests
(Fig. 5, a), whereas with RAP it never entered under a rack in 18 tests of two independent series and reached
the goal in 14 (Fig. 5, b). The per-step log confirmed that no rack was ever labelled “passable” for the loaded
robot. In RViz2 (Fig. 6) every rack is shown as a load-carrying volume together with its confirmation probability
and the decision taken (Table 4; Figure 5, 6).

6 Source: Author’s own work.
7 Source: Author’s own work.
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Table 4. Results of the closed-loop tests in Gazebo (number of outcomes)?

Method Payload | Series | Tests | Success | Deck strike Leg contact Agent | Stuck
A: 2D costmap loaded - 9 2 6 0 1 0
RAP loaded I 9 6 0 0 1 2
RAP loaded I 9 8 0 0 0 1
RAP empty I 6 3 0 1 0 2
RAP empty |l 6 4 0 0 0 2

Figure 5. Gazebo environment, loaded robot: a) method A - the robot drives between the rack legs and strikes the
deck; b) RAP - the racks are avoided’
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Figure 6. RViz2 view during a RAP run: point clouds, costmap with inflated deck footprints, racks with
confirmation probability and decision, tracked person, global (green) and driven (orange) paths™

The Gazebo tests also revealed a weakness of the first version of the method: the median of the heights
rose to 0.81 m because of the cartons, and two racks were labelled passable for the loaded robot. The median
was replaced by the lower decile, bound (9) was proved and all tests were repeated. Limitations of the study:
all experiments were carried out in simulation, localisation was assumed to be exact and the catalogue of rack
types is known in advance.

8 Source: Author’s own work.
9 Source: Author’s own work.
10  Source: Author’s own work.
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CONCLUSIONS AND SUGGESTIONS

A 2D LiDAR mounted close to the floor sees the legs of a load-carrying rack but not its deck, so an ordinary
costmap sends a loaded robot under the rack. The proposed RAP method recognises the rack from its legs,
separates it from people and other robots with a two-channel CNN, confirms it with any available sensor and
projects it into the map as a load-carrying volume with a certified margin; the robot’s payload decides whether
to pass under or go around the rack and limits the lateral acceleration.

The estimator attains the Cramér—Rao bound, and all theoretical bounds were confirmed numerically. In
640 episodes RAP achieved 95.0 % success with 1.9 % safety violations and no violation with the loaded robot;
in Gazebo/ROS 2 tests the ordinary costmap struck a deck in 6 of 9 tests, whereas RAP never drove the loaded
robot under a rack in 18 tests. Future work: implementing the method as a Nav2 plugin, adding the robot’s
localisation uncertainty to the margin, and testing on a physical AMR in a real warehouse.
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