DOI: 10.2195/fj_Proc_koehler_en_202610_01

The Fast and the Flawed: Speed vs. Reliability in Hybrid
Robotic Picking Systems

Sebastian Koehler ',
Alexander Ernst ',
Christoph Rockenschaub 2,
Domenik Kaever?

1: Karlsruhe Institute of Technology (KIT), Institute for Material Handling and Logistics (IFL)
2: Institute of Logistics Engineering, Graz University of Technology, Institute of Logistics Engineering (ITL)

ORDER picking remains one of the most labor-
intensive and cost-critical processes in intralogis-
tics, and growing workforce shortages are pushing ware-
houses toward partial automation. Highly automated
parts-to-picker systems offer high performance but re-
quire large investments and lack flexibility, whereas
traditional picker-to-parts systems remain adaptable
yet labor-dependent. Hybrid picker-to-parts systems,
in which mobile picking robots operate cooperatively
alongside human workers, combine the strengths of
both, but introduce heterogeneous resources that differ
in capability, speed, and reliability, where faster robots
tend to be less reliable. How these properties should be
balanced to maximize system performance is still insuf-
ficiently understood. We address this gap with an ana-
lytical model that determines the net throughput of a
hybrid human-robot picking system in picks and sub-
orders per resource type. Starting from the workload
split between robots and humans, it incorporates robotic
failure probabilities, the reprocessing of failed picks by
human workers, and an s-shape routing policy, and is
validated against an agent-based simulation across lay-
outs, batch sizes, picking speeds, and reliability levels.
The results show that throughput is highly sensitive to
robotic failures, with the largest losses occurring al-
ready at small failure probabilities, so that a slower but
more reliable robot can outperform a faster but less re-
liable one beyond a layout-dependent threshold; travel-
dominated layouts further dilute the value of faster pick-
ing. On the human side, more capable robots reduce the
human’s picking share, though the benefit of higher ca-
pability diminishes as the failure probability rises. The
findings yield a clear design principle for cooperative hy-
brid picking systems: robots should be made reliable be-
fore they are made faster.
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1 Introduction

Driven by the rapid growth of e-commerce, the efficient ful-
fillment of customer orders has become increasingly impor-
tant. At the same time, order picking remains one of the
most labor-intensive and cost-critical processes in intralo-
gistics [1], while growing workforce shortages [2] further
constrain the availability of manual labor. This creates a
growing need to balance high fulfillment performance with
reduced reliance on human labor, driving warehouses to-
ward partial automation. Rather than fully automated parts-
to-picker systems, which demand large investments and lack
flexibility [3| 4], many operators turn to hybrid picker-to-
parts systems in which mobile robots work alongside human
pickers [5} 16]]. Commercial examples of such autonomous
picking robots include Magazino’s TORU, which indepen-
dently locates, grips, and transports individual items within
the warehouse, operating as an autonomous picking agent
rather than merely as a transport aid for human workers.

The integration of such robots into picker-to-parts sys-
tems can take different forms, which we distinguish as col-
laborative and cooperative picking. In collaborative pick-
ing, a robot and a human worker jointly process the same
order or task in close synchronization, for example when
a robot escorts a picker through the aisles and the worker
places items onto it [7]. In cooperative picking, by con-
trast, robots and human workers operate independently and
in parallel [8], each completing separate orders or tasks on
their own, with their outputs potentially consolidated at a
later stage. This paper focuses on the cooperative setting,
in which robots such as TORU from Magazino [9] or Au-
topicker from Brightpick [[10] pick independently alongside,
but not together with, human workers in the same environ-
ment.

Introducing robots alongside human workers, however,

creates a heterogeneous resource pool: robots and humans
differ in capability, i.e., what share of SKUs or tasks a re-
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source can handle; in reliability, i.e., how consistently they
perform; and in speed, i.e., how fast a robot can move and
retrieve articles. In practice, this creates a fundamental de-
sign trade-off. Faster robots tend to be less reliable, as they
are more prone to breakdowns, mispicks, and exceptions re-
quiring human intervention, whereas simpler, slower robots
generally operate more reliably. This raises a central, prac-
tically relevant question that existing literature does not an-
swer, and which forms the main research question of this
work:

When does a fast but flawed robot outperform a slower,
more reliable one, and what design principles follow for
hybrid picking systems?

This paper addresses this gap with an analytical through-
put model that captures the trade-off between picking speed,
capability, and reliability in hybrid human-robot order ful-
fillment. We first re view th e ex isting li terature on collab-
orative and cooperative human-robot order fulfillment sys-
tems and position our work within the cooperative setting.
Building on this, we derive the workload and the resulting
throughput capacity of each resource type, as well as of the
overall system. We then introduce our design of experiments
and discuss numerical results across multiple use cases, be-
fore validating our analytical model against an agent-based
simulation to confirm the correctness of our results. Finally,
these numerical results and the validated model are used to
derive design principles and generate managerial insights
for robotic resources in hybrid order fulfillment systems.

2 Literature

Order fulfillment i nvolving b oth h uman a nd r obotic re-
sources has received considerable research attention, par-
ticularly for cooperative settings which several simulation
studies consider. [6] assess the introduction of Magazino
picking robots, where orders are decomposed into robot-
pickable and human-pickable subsets, reporting operational
cost reductions of approximately 8%. Building on the same
system, [11] use a multi-criteria assignment approach and
additionally show reductions in human physical workload.
[12] evaluate a cooperative robotic platform in a retail en-
vironment and find that heterogeneous systems can outper-
form purely manual operations under empirically measured
picking times, while [ 13] show that heterogeneous resources
may in some cases reduce throughput due to less efficient
batch formation. Beyond human-robot settings, heterogene-
ity has also been studied among purely manual resources,
for instance through carts with varying capacities [14, 15]
or pickers with differing speeds and skill levels [16,[17/[18].

In parallel, a growing body of work addresses collabo-
rative picking, where human and robotic resources jointly
execute a single task in close synchronization, for exam-
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ple through coupling strategies between AGVs/AMRs and
pickers [7, 119, 20} 21} 22} [23]].

Taken together, the literature demonstrates that both
general aspects of resource heterogeneity, such as differ-
ing capabilities and skills, and cooperative human-robot in-
teraction are comparatively well studied. However, only a
small number of these works explicitly model heterogene-
ity in hybrid human-robot settings with analytical rigor, and
those that do typically focus on cost, throughput, or work-
load outcomes for a specific system configuration. To the
best of our knowledge, none of the existing studies de-
rive design principles that relate the trade-off between re-
source speed, capability, and reliability to system perfor-
mance. This paper addresses this gap by developing an ana-
lytical throughput model that explicitly captures this trade-
off in cooperative hybrid picking systems.

3 Model

This section develops the throughput model in two steps.
Section derives the effective workload split between
the robotic and human streams from the robot capability
and its failure probability, yielding the suborder and batch-
size distributions of each stream. Section 3.2] then trans-
lates these workloads into throughput capacities, expressing
each picking-tour time as a travel and a picking component
and accounting for the human reprocessing of failed robotic
picks to obtain the system’s net throughput.

3.1 Effective robot-human workload split

Let A denote the set of articles and let d, be the expected
number of picks required to satisfy the demand for article
a € A. The total demand over all articles is given by D =
> aca da- For each article, we define a binary capability
parameter «, € {0,1}, where o, = 1 indicates that the
article can be picked by the robot and o, = 0 otherwise.
We assume that all picks that are technically feasible for the
robot are assigned to it without rebalancing the assignment
between the robotic and human streams. Consequently, the
share of picks that is to be processed by robots is:

work __ Z(IEA da 1 Qq

T D

)

Robotic pick attempts may fail, so their success prob-
abilities must be accounted for to determine the share of
picks that must ultimately be completed by human workers.
Let s = (s1,52,...,5,) be a vector of size k., where
s; is the probability that the robot’s ith attempt at a pick suc-
ceeds, conditional on all preceding attempts having failed.
The robot is allowed at most k. attempts per pick.

Page 2



Let S denote the attempt on which the robot first suc-
ceeds. Since success on attempt ¢ requires the first & — 1
attempts to fail and the ¢th to succeed,

P(S=1i)= rHl(l —sj)} si. 2)

j=1

The robot fails to complete the pick if it does not succeed
within the v allowed attempts, i.e. S > k4. This occurs
only when all v attempts fail, giving the failure probability

kmax

IT @ =sp). 3)

Jj=1

fail __ P(S > kmaz) —

T

In cooperative human robotic order fulfillment systems
where robots pick independently besides human workers in-
coming orders need to be split between the worker and the
robotic streams. Let X be the order size of an incoming cus-
tomer order with a maximum value of 0,,,x and an average
order size of E(X) = 0444. Therefore the probability of an
order of size x is given by P(X = z) which is assumed to
be given from empirical observations. Incoming orders need
to be split into robotic and human suborders denoted by the
stochastic variables Y, and Y,,. The suborder size probabil-
ities of resource type ¢ are given by:

“4)

If orders are processed in batches of b; orders the prob-
abilities of the batch size Z; are therefore given by the dis-
crete convolution:

b;
Y. I =uws) ©

Yi,15--Yi,0;, >0 k=1
Yiite+Yip, =2

Pi7bi(Zi = Z) =

Where Y, denotes the kth non-empty suborder of a
batch, with the normalized probabilities P(Y", = yix) =
P(Y; =yix | Yi > 0).

3.2 Throughput capacity of the robot-human system

To determine the throughput capacity of each resource
stream (¢ € I), the average picking tour time must first be
determined, which is given by:

t?iCk tour — t;ravel —|—t?iCk V’L c I (6)
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The first part consists of the travel time which resources
need to reach all of the pick positions within the warehouse
and return to the I/O point after the last pick has been done.
Therefore the average time is given by:

t;ravel _ §

2€ {biy--;bi-Oman}

v;

Py, (Z; = 2)

)

Where D;(Z; = z) is the average travel distance within
the warehouse. For this work we assume an s-shape routing
policy where the average travel distance is given by:

Dy(Z; =n) = M(d, +1;) (1 - (1 - 1\14))

M-1 ] n
M — J
> (i)

Jj=

+ 2d;

+ 2 flast (n) <1

+

1
272
Viel.
®)

Where M represents the number of aisles, n the number
of picks, d; the length of an aisle, and d; the center-to-center
spacing between adjacent aisles. Compared to the baseline
formulation in [24]], we introduce two modifications.

First, we incorporate the physical extent /; of the pick-
ing resource of type ¢ into each aisle traversal. This reflects
the fact that the resource must fully clear an aisle before en-
tering the next one. Although this effect is often negligible
in large-scale warehouse systems, it can have a noticeable
impact in more compact settings such as fast-pick zones or
backroom storage areas.

Second, for cases in which the number of traversed
aisles is odd, we adjust the computation of the expected
position of the final pick using a return-policy correction
captured by the function fi.s;(n). This function is also em-
ployed in [24], although its derivation is provided in a more
intuitive form in Appendix A.

The second component represents the physical picking
process of products from their respective storage positions.
We assume that human workers always succeed on their first
attempt, whereas robots may require multiple attempts to re-
trieve the required article. Let N,. denote the expected num-
ber of attempts performed by the robot given by:

kmaax

EIN,) =Y k-P(S=k)+ kmas - P(S > kmaa) (9)
k=1
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Therefore the time a robot and a human needs to retrieve
an item from the shelf is defined by:
t?iCk _ E(Zr) . t;etrieval . E[NTL (10)
taick _ E(Zw) . tfﬁtricval

Therefore, the final throughput capacity per resource
type is given by:
1

/j/i:w, i€ 1. (11)

The throughput in picks can be expressed as:

THP' =y, - E(Z,) - (1 - pil), (12)
THPS = 1, - E(Zy), (13)

and the (sub-)order throughput as
TH™ = p; - by, iel. (14)

To incorporate the robotic failures, the net throughput
capacity has to be determined. While for robots (i, per =
-, the human throughput capacity is reduced, since the hu-
man workers have to handle the robots’ failed picks. We
therefore calculate the net batch size of a human worker,
which incorporates the robotic failures E(Zy net), as

Ny - B(Zy) 'pf"ail

N - Mw,net

E(Zynet) = E(Zy) + (15)

where n,, and n, denote the number of workers and
robots in the system, respectively. We assume that the robot-
to-worker ratio is chosen to balance the throughput of the
two streams, such that robotic pickers and human work-
ers perform the same number of picking tours. This is
not merely a simplifying assumption but the throughput-
maximizing choice for a fixed order split: since each order
consists of a robotic and a human suborder that must both be
completed, overall throughput is determined by the slower
stream. Additional capacity in the non-bottleneck stream
therefore cannot increase system throughput. A staffing ra-
tio that left one resource type with a persistent overcapacity
would therefore incur its cost without any throughput ben-
efit; balancing the two streams is the only ratio at which no
capacity is wasted. It also fixes the staffing ratio endoge-
nously, removing n,, and n,. as free parameters and leaving
throughput a function of the robot design parameters alone.

Let r¥ork denote the share of the total picking work-
load nominally assigned to the robots, so that a fraction
1 — Yo% is handled by the human workers. Because every
failed robotic pick must be reprocessed by a human, an ad-
ditional fraction r¥or¥ . pfail of the workload is shifted from
the robots to the workers. Therefore, the effective share of
the total picking workload assigned to the human workers,
including the reprocessing of failed robotic picks, is:

work — (1 _ pf‘ail (16)

work work
w ) + Ty :

T T,
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4 Design of Experiments (DoE)

The design of experiments is constructed around the central
trade-off of this study: how the robot’s picking speed and
reliability jointly determine the throughput capacity of a hy-
brid system. To expose this trade-off, we vary the following
factors:

* Layouts: two warehouses (Layout A with 10 aisles
and Layout B with 20 aisles shown in Figure[I)) with
an aisle-to-aisle distance of 3m and an aisle length
of 10 m;

 Batch size: two levels, capturing the effect of order
consolidation on the picking tours;

* Robot picking speed: the robotic retrieval time per
article trctricval .
9 T 9

* Robot reliability: the attempt success probabilities
s1 and sg, which determine the failure probability on
the robot’s first and second attempt and hence p!2!!.

Speed and reliability are swept across their full ranges,
since they define the trade-off under study. We additionally
vary the robot capability, but each speed-reliability com-
parison is carried out within a fixed capability level, so that
the speed and reliability effects are not confounded with a
changing workload split. The remaining parameters are held
fixed. In particular, we assume equal travel speeds for robots
and human pickers, v,, = v,, = 1 m/s, reflecting the current
state of technology: autonomous travel through the aisles is
essentially solved, whereas picking remains the demanding
task. The robot retrieval time is derived from the labora-
tory experiments in [8]]. For comparison, the human retrieval
time is set to the minimum observed robot retrieval time, al-
lowing us to evaluate the case in which both resource types
have the same retrieval speed. All parameter values and their
levels are summarised in Table

Layout
A P FET FE1T FET PR P FE1 PR FI
£
R 2% 5 [ 15 5 5 55 5 O 5 o I
(] -
/0 i

Figure 1: Schematic representation of the warehouse
layout, showing the arrangement of storage racks, the
input/output point, and the relevant dimensions.
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Factor Values

ook 30%, 50%, 70%, 90%)

b; 2, 3]

kmaw 2]

S1, S2 0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9]
Layout A (10 aisles), B (20 aisles)

Oavg 10]

v; 1m/s]

tretricval 17113 115,17,19, 20s]

t;et'rie'ual [135]

Table 1: Factors and their respective levels used in the DoE

5 Validation

To validate our analytical model, we compare the resulting

pick tour durations "' " with average values obtained
from an agent-based discrete-event simulation built in Any-
Logic (Version 8.9.9) using the model parameters given in
Table 2] The simulation considers a system comprising one
human and one robotic picker and is terminated once both
pickers have completed 200,000 suborders, providing a suf-
ficiently large sample for comparison. Each picker indepen-
dently processes randomly generated suborders as quickly
as possible; subsequent order consolidation is not modelled.

Potential interactions between pickers, such as interfer-
ence while traversing aisles or simultaneous access to the
same storage location, are not represented in the simulation.
Failures of the robotic picker are incorporated by collect-
ing all unsuccessful robotic picks and assigning them to the
human picker’s subsequent pick tour.

Factor Values

ok 30%, 50%, 70%)]

b; 2

kmaz 2

S1,S2 1,0.9,0.8,0.7,0.6,0.5]
Layout A (10 aisles)

Oavg 10]

Vi 1m/s]

t:etm‘eval [13, 157 178]

t'rwetrie'ual [138]

Table 2: Model parameters applied for validation

The validation results are shown in Figures @ and @
For the robotic pick time (Figure @ only negligible devi-
ations are observed across all tested settings. For the human
pick time (Figure B), however, the deviations originate from
the simplification in Equation , which overestimates the
number of failures for low robotic capabilities and under-
estimates the number of failed picks for high robotic capa-
bilities. These deviations nevertheless remain within an ac-
ceptable range and, because the subsequent analysis reports
throughput under a balanced staffing ratio, they do not affect
the reported findings.
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Robot average pick-tour duration: analytical vs simulation
(batch size = 2, aisles = 10)

average robot pick-tour duration [s]

010 015
effective robot failure probability

Figure 2: Validation of the robotic pick tour duration
against the agent-based simulation for different capability
levels.

Human average pick-tour duration: analytical vs simulation
(batch size = 2, aisles = 10)

360 { . ® Capability 0.3
m Capability 0.5
4 Capability 0.7

average human pick-tour duration [s]

010 o
effective robot failure probability

Figure 3: Validation of the human pick tour duration
against the agent-based simulation for different capability
levels.

6 Numerical results

We split our numerical results into two parts. First we dis-
cuss the influence of different failure probabilities on the
robotic throughput in Section[6.1] After doing so we evalu-
ate the impact on the human workload in Section[6.2}

6.1 Robotic throughput

First, we evaluate the net throughput in picks for both re-
source types. The results for the base case with 7™ = 0.5
are shown in Figure [] for the two layout alternatives at
a batch size of b; = 2. Across all tested settings, an in-
crease in the failure probability causes a disproportionate
loss in throughput, revealing a pronounced non-linear sen-
sitivity to robotic failures. The largest marginal losses oc-
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cur when moving from an almost perfectly reliable robot to
comparatively small positive failure probabilities, whereas
the curves flatten at higher failure levels. As a consequence,
a slower but more reliable robot can outperform a faster one
with a higher failure probability up to a certain point. The
intersections between configurations c an be interpreted as
speed-reliability equivalence points. Figure @a) shows that
the throughput of a perfectly reliable robot with a picking
time of 20 s can be approximately matched by the consid-
erably faster 15s configuration, e ven w hen t he 1 atter ex-
hibits an effective failure probability of roughly 0.2-0.25.
Beyond this point, however, the additional picking speed
can no longer compensate for the losses caused by unsuc-
cessful robotic picks.

The layout alters the relative value of robotic picking
speed, as shown in Figure @b). In the smaller layout, the
throughput difference between the fastest and slowest robot
configurations is more pronounced than in the larger layout.
As travel distances grow, travel time accounts for a larger
share of the total picking-tour duration, so differences in the
retrieval time become comparatively less influential. Conse-
quently, investments in faster robotic picking mechanisms
yield greater throughput benefits in compact picking areas,
whereas their effect becomes increasingly diluted in travel-
dominated systems.

Batch size, layout, and capability all shift the through-
put level while leaving the shape of the curves unchanged.
Increasing the batch size raises throughput by roughly 10%
across the base case; the larger layout lowers the attainable
throughput relative to the smaller one; and higher capabili-
ties raise it (Figure @, with the gap between pick times stay-
ing relatively constant. The capability effect follows from
the number of picks per tour: a higher capability places
more picks on each tour, reducing the travel distance per
pick and completing the tours more efficiently. In every case
the response to the failure probability is the same, so we
omit the remaining DOE cases for reasons of space.
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Robot throughput vs effective failure (batch size = 2, aisles = 10, capability = 0.5)
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robot picking time
—o— 13s
—o— 15s
—o— 17s

~o— 19s
20s

0.0 0.1 0.2 0.3 0.4 0.5
effective robot failure probability

(a) Layout A

Robot throughput vs effective failure (batch size = 2, aisles = 20, capability = 0.5)

120

110 4

100

90 q

robot throughput THropot [picks / h]

80 4

robot picking time
—o— 13s
—e— 15s
- 17s
—o— 19s
\
0.0 0.1 0.2 0.3 0.4 0.5

effective robot failure probability

(b) Layout B

Figure 4: Net throughput versus failure rate for Layout A
and B, at b, = 2 and r}”‘”’k =0.5.
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Robot throughput vs effective failure (batch size = 2, aisles = 10, capability = 0.3)

robot picking time
—o— 13s
—o— 15s
—e— 17s

1301

120 4

110 A

100

90 4

robot throughput THropot [picks / h]

80

0.0 0.1 0.2 0.3 0.4 0.5
effective robot failure probability

(a) Layout A, b, = 2, r» = 0.3

Robot throughput vs effective failure (batch size = 2, aisles = 10, capability = 0.7)

robot picking time
160 - -— 13s
—e— 15s

-
@
o

-
=
o

-
@
=3

-
N}
1=

-
o
=)

o
=3
=3

robot throughput THropot [picks / h]

©
=3

0.0 0.1 0.2 0.3 0.4 0.5
effective robot failure probability

(b) Layout A, b, =2, r, = 0.7

Figure 5: Net throughput versus failure rate for Layout A,
atb, € {2,3} forr, =03 andr, =0.7.

6.2 Human throughput

The human throughput exhibits a counterintuitive response
to robotic failures: as the robot becomes less reliable, the
human completes more picks per hour but fewer suborders.
The two measures move in opposite directions, and distin-
guishing them is necessary for a correct assessment of the
human workload.

Figure @ reports the human pick throughput, which in-
creases with the failure probability at every capability level.
Each unsuccessful robotic pick is reassigned to the human
and appended to a picking tour that would have been trav-
elled regardless, reducing the travel distance per pick and
raising the number of items retrieved per unit of travel.
Across capability levels, a more capable robot lowers the
human pick throughput, as it retains the denser picks and
leaves the human with sparser ones, thereby increasing the
travel distance per pick. The capability curves converge
as the failure probability rises, reflecting the diminishing
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marginal benefit of appending a further pick to an already
long tour.

Human throughput vs effective failure (batch size = 2, aisles = 10)

170 4 ..——0-——"_./—‘

160 -

150 -
140
130 -

120 - robot capability
—-— 0.3
—o— 0.5
-o— 0.7
0.9

human throughput THpyman [picks / h]

110 -

0.0 0.1 0.2 0.3 0.4 0.5
effective robot failure probability

(a) Layout A, by, = 2

Human throughput vs effective failure (batch size = 3, aisles = 20)

160
150 074—"——/—/‘
140
130
120

110 -

robot capability

human throughput THpyman [picks / h]

100 - —-e— 0.3

—e— 0.5

—o— 0.7

90 0.9
0.0 0.1 0.2 0.3 0.4 0.5

effective robot failure probability

(b) Layout B, b, = 3

Figure 6: Human pick throughput versus the effective robot
failure probability, with one curve per robot capability
level, for Layout A (b, = 2) and Layout B (b,, = 3).

Measured in completed suborders, the relationship in-
verts, as shown in Figure [/} The additional picks are reas-
signed robotic failures rather than new customer suborders;
the human therefore retrieves more items but completes no
additional orders, while the lengthened tours increase the
time required per suborder. The rise in pick throughput at
higher failure probabilities consequently coincides with a
decline in suborder throughput, as the per-pick efficiency
gain is absorbed by the reprocessing of robotic failures
rather than by the completion of new work. In line with
this, a more capable robot yields a higher human suborder
throughput, since the human retains fewer picks per subor-
der and completes shorter tours. As for the pick throughput,
an increasing failure probability compresses the differences
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between capability levels, rendering the choice of capability
progressively less consequential at high failure rates.

Human throughput vs effective failure (batch size = 2, aisles = 10)

robot capability
—o— 0.3
—-o— 0.5

50 1 -o— 0.7

0.9

55

45
40
354
304

) ”\\‘\\‘

20 —e

human throughput THhyman [suborders / h]

0.0 0.1 0.2 0.3 0.4 0.5
effective robot failure probability

(a) Layout A, batch size 2

Human throughput vs effective failure (batch size = 3, aisles = 20)

robot capability
—o— 0.3

w IS ~
& ) el
o
o

w
S

human throughput THhyman [suborders/ h]

/

0.0 0.1 0.2 0.3 0.4 0.5
effective robot failure probability

(b) Layout B, batch size 3

Figure 7: Human suborder throughput versus the effective
robot failure probability, with one curve per robot
capability level, for Layout A (b, = 2) and Layout B

(by = 3).

7 Insights

This work quantifies the effect of hybrid human-robot pick-
ing on net throughput, measured in picks and suborders per
resource type and hour, through an analytical model that re-
lates a robot’s capability and speed to system performance.
The analysis yields a clear design principle: robots should
be made reliable before they are made faster. Because tech-
nological development inherently trades reliability against
speed, this ordering carries direct practical relevance. Reli-
ability turns out to matter more than speed. Once the fail-
ure probability passes a threshold that depends on the lay-
out, even the fastest robot we tested is overtaken by a much
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slower but more reliable one, showing that a large speed ad-
vantage cannot offset even a modest loss in reliability.

On the human side, more capable robots absorb a larger
share of the picks and leave the worker with fewer picks per
suborder. This lowers the human pick throughput but raises
the suborder throughput, as the shorter tours allow more
suborders to be completed per hour. The benefit of higher
capability nevertheless diminishes as the failure probability
increases.

Several extensions remain open. Applying the model to
further warehouse settings would clarify the influence of
different order-size distributions and routing policies, and
the share-level approximation of the human picking-tour
duration could be replaced by the exact tour-level formula-
tion to improve accuracy. A natural further step is an eco-
nomic analysis: since gains in both reliability and speed
come at a cost, quantifying the associated trade-offs would
extend the design principles derived here toward investment
decisions.
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Appendix A: S-Shape Travel time estimation

Consider a warehouse with M aisles. A batch consists of n
picks, where each pick is independently assigned to an aisle
with equal probability 1/M. After n picks, the system is
described by the state (k, h,y), where:

¢ k is the number of distinct aisles that are visited,

*h € {0,...,M — 1} is the index of the highest-
numbered visited aisle,

¢ y is the number of picks assigned to aisle h.
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Let P, (k, h,y) denote the probability of being in state
(k, h,y) after n picks. From a state (k, h,y), the next pick
leads to the following transitions:

1
(k,h,y) = (k,h,y + 1) probability i

-1
(k,h,y) = (k,h,y) with probability kw, kE>1,

h—(k—-1
(kja h7 y) — (k + 1) h7 y) prObablhty #,
1
(k,h,y) — (k+1,7,1) probability i
j=h+1,.... M -1
The initial distribution after the first pick is

. 1
Pl(lajvl) = M?

Let fmax(L,y) denote the expected maximum pick depth in
an aisle of length L with y uniformly distributed picks:

( )
For a given state (k, h,y), the longitudinal travel distance
D1 (k,y) is defined as:

k- (L+1;),

(k - 1) ’ (L + ll) +2- fmax(Lyy)v

The expected longitudinal distance is therefore:

E[D1<n)] = Z Pn(k:,h,y) Dl(k>y>
k,hy

L

Fmax(Lyy) =) i

i=1

1—1
L

7

) -

L

if k is even,

Dl(ka y) =
if k is odd.

And the expected distance in the last aisle if k is odd:

flast(m) = Z Pn(kahay | k Odd) . fmax(Lay)
k,h,y
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