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Abstract— Hand-drawn maps can be used to convey navigation
instructions between humans and robots in a natural and
efficient manner. However, these maps can often contain
inaccuracies such as scale distortions and missing landmarks
which present challenges for mobile robot navigation. This
paper introduces a novel Hand-drawn Map Navigation (HAM-
Nav) architecture that leverages pre-trained vision language
models (VLMs) for robot navigation across diverse
environments, hand-drawing styles, and robot embodiments,
even in the presence of map inaccuracies. HAM-Nav integrates
a unique Selective Visual Association Prompting approach for
topological map-based position estimation and navigation
planning as well as a Predictive Navigation Plan Parser to infer
missing landmarks. Extensive experiments were conducted in
photorealistic simulated environments, using both wheeled and
legged robots, demonstrating the effectiveness of HAM-Nav in
terms of navigation success rates and Success weighted by Path
Length. Furthermore, a user study in real-world environments
highlighted the practical utility of hand-drawn maps for robot
navigation as well as successful navigation outcomes.

Index Terms—Mobile robot navigation, vision language models,
hand-drawn maps, robot planning

I. INTRODUCTION

Mobile robot navigation tasks may have to be performed in
environments that can change, for example, due to structural
instability in search and rescue scenarios [1], [2], construction
progress during renovations or a new build [3], [4], and retail
store reconfiguration [5]. In order for robots to navigate these
environments they either use map-based [6]—[8] or map-less
[9]-[11] methods. In map-based methods, accurate maps are
generated prior to navigation using human teleoperation [1]
or autonomous robot exploration [12]. However, map
acquisition can be: 1) costly and time consuming [1], [13],
and 2) requires expert knowledge [12]. On the other hand,
map-less methods [9]-[11] can represent a robot’s
environment using real-time sensory data. However, existing
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Fig. 1. An overview of mobile robot navigation with a hand-drawn map.

map-less methods require simultaneous exploration and
navigation to reach the robot’s goal position. This can affect
navigation efficiency in terms of the total robot distance
traveled due to the initial exploration stage [9].

Robot navigation using hand-drawn maps can provide an
alternative approach to both map-based and map-less
navigation methods, Fig. 1. Hand-drawn maps are freehand
sketches generated by people based on their memory of an
environmental layout to represent spatial relationships within
the robot’s environment [14]. Thus, hand-drawn maps can be
used effectively for robot navigation without the need for a
priori resource-intensive map acquisition [15], [16] or
simultaneous exploration during navigation [17].

To date, existing robot navigation methods using hand-
drawn maps can be classified as: 1) heuristic methods [15],
[18]-[23], which recognize known landmarks for execution
of predefined actions; and 2) probabilistic methods [12], [13],
[17], [24]-[28], which match sensory data with map features
for localization. However, these methods have been restricted
to simple environments with hand-crafted landmarks, (e.g.,
boxes and cylinders), which do not represent complex real-
world environments with realistic landmarks (e.g., furniture)
[26] and multi-level floors. They have also require accurate
hand-drawn maps with precise spatial layout representation
[12], which are hard to obtain due to variations in human
memory when sketching [26].

In this paper, we present a novel hand-drawn map robot
navigation architecture, HAM-Nav, which uses pre-trained
vision language models (VLMs) to interpret visual and textual
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cues from hand-drawn maps for robot navigation in unknown
environments. HAM-Nav is the first method to generalize
across diverse environments and varying hand-drawing styles
without task-specific training. Our main research
contributions are: 1) the introduction of a new adaptive visual
prompting method, Selective Visual Association Prompting
(SVAP), that places the robot view alongside a dynamically
updated topological map overlaid on top of the hand-drawn
map. Using SVAP, HAM-Nav can estimate the robot’s
position and select appropriate navigation actions in a zero-
shot manner by enabling pre-trained VLMs to directly
associate environmental features with corresponding
elements in the hand-drawn map; and 2) the development of
a Predictive Navigation Plan Parser (PNPP) to infer missing
landmark information (e.g., class and location) using the
common-sense knowledge of pre-trained VLMs to account
for human errors in a hand-drawn map.

II. RELATED WORKS

We categorized the literature on robot navigation using
hand-drawn maps into: 1) heuristic methods [15], [18]-[23],
and 2) probabilistic methods [12], [13], [17], [24]-[28].

A. Heuristic Methods

Heuristic methods utilize pre-defined patterns such as
spatial proximity to interpret landmark geometric features in
hand-drawn maps and translate them into navigation
commands for robots in simplistic environments. These
methods include hand-crafted rule based [23], fuzzy control
[15], [18]-[20], and optimization based [21], [22] approaches.

Hand-crafted rule based approaches compute objectness
scores by combining image segmentation and fuzzy c-means
algorithms to translate hand-drawn maps into navigation
commands [23]. A robot updates its path using these
objectness scores and sensory data during navigation.

Fuzzy control methods extract spatial descriptions from
pixel coordinates of hand-drawn maps and categorize pixels
into polygons (landmarks) and line segments (paths) [15],
[18]-[20]. Polygon boundary forces determine the location of
landmark relative to the robot. These locations are translated
into actions (e.g. move forward) using fuzzy rules.

Optimization methods apply quadratic optimization to
compute robot navigation waypoints by analyzing spatial
relationships between landmarks and paths [21], [22].
Namely, hand-drawn waypoints are connected with virtual
springs where quadratic programming is used to minimize
potential energy to generate waypoints.

B. Probabilistic Methods

Probabilistic methods utilize statistical models to interpret
hand-drawn maps and localize robots within them. These
methods include Hidden Markov Models [24], Monte Carlo
Localization (MCL) [13], [17], [25]-[27], Bayesian Filtering
(BF) [12], and Supervised Learning (SL) [28].

In [24], a variable duration Hidden Markov Model
(VDHMM) was trained using a dataset of hand-drawn maps
to recognize strokes (lines) and inter-strokes (movements
between lines) in order to generate robot movement vectors.

MCL methods determine a robot's position within a hand-
drawn map using statistical sampling techniques such as
particle filtering to either: 1) update a hand-drawn map to
match the spatial layout of an environment [17], or 2) estimate
map deformations [13], [25]-[27].

In [12], a BF method was used to generate a local
occupancy grid map from panoramic RGB images obtained
by a robot. The predicted grid map was aligned with a hand-
drawn map by maintaining a belief over the robot’s position.
A similarity score between the predicted and observed local
occupancy grid map was used to update the robot’s estimated
position. Using this updated belief, a grid search was used to
generate a heuristic vector to guide the robot’s navigation
actions towards the goal.

In [28], a SL approach applied alpine-based registration to
localize a robot within a hand-drawn map. A convolutional
neural network (CNN) was used to predict the control points
to guide the alignment of the robot’s observation with the
hand-drawn map. The A* algorithm for path planning was
used for the robot to navigate towards the specified goal.

C. Summary of Limitations

Heuristic methods use reactive control to execute
predetermined actions in controlled environments [15], [18]—
[23]. They cannot adapt to changes in an environment and
instead rely on recognizing only a fixed set of primitive
landmarks. On the other hand, probabilistic methods require
hand-drawn maps to accurately represent geometry and scale
of an environment [12], [13], [17], [24]-[28]. Any deviation
in the hand-drawn maps result in localization errors and
imprecise navigation. Both methods have been applied to
single-floor environments as they depend on 2D hand-drawn
maps that directly correlate with the robot’s sensor readings
for localization. However, in multi-floor settings, a 2D hand-
drawn sketch cannot represent vertically stacked floors
without distorting spatial relationships by placing these floors
side-by-side. Moreover, existing methods assume that all
essential landmarks (shapes and locations) are correctly
represented in the hand-drawn map which is challenging in
real-world scenarios where human errors can introduce
inaccuracies directly into the map [26].

To address the above limitations, we propose HAM-Nav, an
architecture that uniquely leverages VLMs to: 1) detect
realistic landmarks and enable zero-shot navigation in multi-
floor environments by using adaptive visual prompting to
align visual features from the environment with textual and
spatial cues in the hand-drawn map, and 2) account for human
errors in hand-drawn maps by using co-occurrence landmark
patterns to predict missing landmarks.

III. ROBOT NAVIGATION WITH HAND-DRAWN MAPS
PROBLEM DEFINITION

The robot navigation problem using hand-drawn maps
consists of requiring a mobile robot to autonomously navigate
from a given starting position to a desired position within an
unknown environment, utilizing navigation instructions
conveyed through a free hand sketch. This sketch, referred to
as a hand-drawn map, M, is generated by a person based on
their memory. My, = (S, Ly, P,) consists  of three



components, Fig. 2(a): 1) the spatial configuration, S}, which
represents the outer boundary and structural layout of the
robot’s environment; 2) the landmarks, £, = (Lﬁ, Lf; ), which
consist of text descriptions that depict a landmark’s class (e.g.,
chair, desk), L{, and its pixel location within M, Lf; ; and 3)
a path, P;,. The path includes the initial robot position, p, =
(x0,¥0), Node 1 in Fig. 2(a), and the desired robot position
pPa = (x4,¥4), Node 4 in Fig. 2(a). The true layout of the
environment is denoted as M, = (S,, L. ), which represents an
occupancy grid map that consists of two components: 1) the
spatial configuration of the environment denoted as S, and 2)
the landmarks within the environment, denoted as L, =
(LS, L), which includes the landmark class, LS, and location
LI M, may differ from M, as a result of a person’s
recollection of the environment introducing possible errors in
landmark positions, distances and scaling. A person may also
misplace or omit landmarks in M, leading to an incomplete
set for £;, compared to L.

The mobile robot has an onboard RGB-D camera, C(t), to
capture both RGB, IR®B and depth images, I? of its
surroundings. The objective is to solve the following robot
navigation problem: Given M, and P;, a mobile robot must
localize itself within M;, and generate a sequence of actions
a(t) in order to navigate to pq based on real-time observations
(IRGB,IP) from C(t). The sequence of actions a(t) is
determined by a robot action function f(*):

a(t) = f(M;, P, C(O)) st.p(T) =pa. ()

The goal is for the robot to select navigation actions in order
to reach p, at the final timestep, T.

IV. HAND-DRAWN MAP NAVIGATION ARCHITECTURE

The proposed Hand-Drawn Map Navigation Architecture
(HAM-Nav) is presented in Fig. 2(b) and consists of the
following four stages. Stage 1: Prompt Engineering consists
of a Topological Map Generator (TMG), Spatial Interpreter
(SY), Visual Prompt Generator (VPG), Predictive Navigation
Plan Parser (PNPP), and an Experience Manager (EM) to
extract navigation and environmental features from Mj, and
IRGB in order to structure and generate visual and textual
prompts. Stage 2: Position Estimation uses a Localization
Engine (LE) to estimate the robot’s position p, within M},
based on the visual and textual prompts generated in Stage 1.
Stage 3: Action Selection consists of a Navigation Planning
Engine (NPE) to select an embodiment-agnostic discrete
navigation action a based on p,. Lastly, Stage 4: Action
Execution uses a Navigation Controller (NC) to convert a
into robot velocities to be executed in the environment. The
following details the modules within each stage.

A. Topological Map Generator (TMG)

The TMG creates a topological map, My, based on M, for
robot localization and navigation planning. Namely, M, is
first discretized into an occupancy grid, M, consisting of
cells, g;. My, = (V,E) is a graph where V=V UV,
represents the set of vertices comprising robot position nodes
V., landmark nodes V;, and a set of edges connecting these
nodes, E, Fig. 2(a). V, is generated by applying k-means
clustering to the set of free cells in M, in order to obtain

distinct clusters of free space, each corresponding to a
potential robot position. The Google Cloud Vision API for
optical character recognition (OCR) is used to generate V; to
identify and extract L{, and L within M;. Edges e € E
connect V. and V;. M, is provided to the following modules:
1) STto perform landmark detection, 2) VPG for visual prompt
generation, and 3) PNPP for path planning purposes.

B. Spatial Interpreter (SI)

At each timestep t: 1) a labeled image, IE RGB that includes
the bounding boxes and object classes for the detected
landmarks, and 2) a textual description, SD, of IRSE. Two
types of landmarks are detected within IRCE: 1) object
landmarks, Ly, which include physical objects such as
furniture and vehicles, and 2) structural landmarks, L., such
as multi-way junctions (e.g., left and right turns).

Loy are detected using Grounding DINO (G-DINO) [29],
an open vocabulary object detector . L. are detected using
our own three-stage approach, Fig. 3. Firstly, Grounded-
Segment Anything Model (G-SAM) [30] is used to segment
the traversable region within IRSB by generating a pixel-level
mask, I, In the second stage, edges are extracted from 72X
to generate I, using the Hough Transform [31]. Edges in I,
are grouped into four different categories based on their
orientation and length: horizontal I2, vertical IY, positive
slope IY, or negative slope IZ. Lastly, in the third stage,
junction types are recognized by utilizing a decision function
fs.(Is) to detect Ly, based on the geometric relationships
between IP, IV, IV, and I2:

Left if d (12, 1Y"°, I°™) < r
fSL(Ie)=H{ o i } @
Right if (12", 1y, [20P) < 7
where d is the Euclidean distance between the intersection
points of each edge category. I denotes a Boolean indicator
function that outputs a binary vector indicating the presence
of a “left turn”, and/or “right turn”. In Fig. 3, the bounding
boxes for both Ly, (pink) and Ly, (green), are shown in

IP RGB The bounding box coordinates for each landmark is
denoted by L.q4.

The textual description of IRSE, SD, at each t is obtained
using a VLM. This process involves both a visual, o,;s(IRSB),
and a textual, Oexc(Lgict)s prompt. Specifically, Lgic
describes the generalized landmark locations relative to the
robot’s perspective (e.g., left, front, right) within IRB, To
obtain these generalized locations, we first divide IRSE into
three horizontal quadrants of equal widths: left quadrant Q,,
front quadrant Q; and right quadrant Q.. Each detected
landmark is assigned to one of these quadrants based on the
x-coordinate of the center of its bounding box, LL,, in the
pixel frame. The landmark quadrant assignments are then
summarized into a dictionary, Lgijce = {Lobj: @}. The
objective is to provide the VLM with generalized locations of
landmarks in the textual prompt, following the textual format
of “<Lp;> on your <Q>”, to generate the final detailed textual

description, SD of IRGB. This process is described by:
SD = VLM (0415 (IF%), Oyex (Laice) ) - (3)
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The IP’RGB is used by the VPG module for visual prompt
generation and NC module for robot navigation, while SD is
used by the EM module to retrieve relevant navigation
experiences.

C. Experience Manager (EM)

The EM module collects and retrieves past navigation
experiences to provide historical contextual navigation
information using Retrieval Augmented Generation (RAG)
[32]. The entire set of historical experiences, denoted as H, is
stored onboard the robot, with each specific experience h,,
representing the navigation data at a particular t. Each h;
includes the prior observation SD’,, estimated robot position
p';, and executed action a';, at the corresponding t. To
retrieve the most relevant h, from H, the cosine similarity
between the embedding of the current observation, E,, and the
embeddings of all past experiences E,, is calculated. The h;
with the highest cosine similarity score is provided as a
textual prompt to the LE module for robot position estimation
and the NPE module for navigation planning.

D. Visual Prompt Generator (VPG)

We developed the VPG module to enable Selective Visual
Association Prompting by generating a visual prompt, Isyam,

Robot View

Hand-drawn Map

Fig. 4. A visual prompt, Isyap, that consists of a hand-drawn map with

a pruned topological map, M"y,, and the robot view, Itb RGE,

that determines the relationship between the features in [RGB
and M, Fig. 4. Specifically, Igyam consists of an RGB image
with two side-by-side components: 1) IP RGB and 2) a pruned
topological map, My, overlaid on top of Mj,. Herein, M",,
contains only the robot position node candidates with the
highest likelihoods of representing the robot’s true position in
the environment. These likelihoods are determined using a
probabilistic model that prunes position node candidates with
low retention probability {(v;). The {(v;) for each v; € V. is
determined by the following logistic function:

{(v) = 1 + ex@@ip)-P)+y-6(wip’.a’)’ )
where «a is a weighting factor that influences {(v;) based on
d(v;,p"), while B is a sensitivity parameter {(v;) with respect
to distance. The transition function §(v;, p’,a’) determines
the probability of the robot arriving at v; after executing
action a’ at p’. y is a weighting factor influencing {(v;) based
on §. The topological map My, includes only nodes where
{(v;) exceeds 0.5. We set § = 2 and both a and y to 0.5.
These values were selected through expert-guided empirical
tuning to prune nodes with low likelihoods of representing the
robot's position. Igyay is used by the LE and NPE modules




for robot position estimation, and action selection,

respectively.

E. Predictive Navigation Plan Parser (PNPP)
We uniquely propose a PNPP to provide: 1) predicted

landmarks, ngd,
navigation plan, NP. Specifically, the PNPP infers omitted
landmarks using the VLM. The input to the VLM includes
both a visual 0,;5(M;,) and a textual 0. (V) prompt, which
are conditioned on M,,, and all V' in My, respectively. The
VLM uses this information to infer potential co-occurring
landmarks based on the spatial relationships and proximity of
nearby landmarks. The landmark prediction process for a
node v; € V is as follows:

L2 = VLM(0yi5(My), Orexe (V). (5)

The Lf’)g;d for each v; is incorporated into M, to be used by
the ST module for landmark detection.
To generate NP, M., is segmented into local segments S;

by junction nodes Vi, SV, in the environment, shown in

and 2), a textual description of the

Fig. 5(a). For each S;, the associated Lg, Lob]-,ng;d are

obtained from M,. A descriptive sentence is generated for
each S; using:
d
NP: = fuop (o Lotes Lovj Lop; ) - (6)

fnp maps each S; and its landmarks (L, Lob, LE{E

navigation plan, NP;, following a fixed structure:
“<navigation action> pass the </landmarks>, and <navigation
action> when you see <landmarks>", as illustrated in Fig.
5(b). The collection of all local navigation plans {NP;} forms
the global navigation plan NP, which is provided as textual
prompt to both the LE and NPE modules.
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1. Go_straight pass the desks,
chairs, computers, whiteboards and
Turn Right when you see posters,
bulletin board, signage, clock.
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Fig. 5. (a) My, overlaid on top of M}, with robot position nodes (purple) and
landmark nodes (handwriting). The green boxes represent segments S;; and
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(b) the local navigation plan, NP;. Predicted landmarks L are italicized.

F. Localization Engine (LE)

The LE module uses the VLM to estimate the robot’s current
position, p;, by selecting a robot position node v; in M ’tp.
The input to the VLM includes both visual, o;s(Isyam), and
textual prompts, Oy, (SD',p’,a’,NP). We utilize two
prompting techniques for the textual prompt to estimate p;.
The first is chain of thought prompting (CoT) [33], to
decompose the robot position estimation task into smaller
explicit steps. This is achieved by asking the VLM to perform
step-by-step reasoning by first identify visual landmarks and
then relating these visual landmarks to the hand-drawn map
before generating p;. Score-based prompting (SB) [34] is
used by asking the VLM to explicitly generate the

probabilities of the robot position estimations. The position
estimation process is:

Pt = VLM(Gvis (Isvam), Otext(SD', ', a’)CoT,SB)' (7)
The estimated p, is used by the NPE module for robot
navigation action selection.

G. Navigation Planning Engine (NPE)

The objective of the NPE is to generate embodiment-
agnostic high-level actions such as “move forward”, “turn
right”, “turn left”, and “stop” using the VLM. The NPE
module, like the LE, wuses 0ys(Isyam) and
Oext(SD',p’,a’, NP, p,) for zero-shot navigation decision
making. CoT [33] and SB [34] prompting were used to guide
the reasoning process. Specifically, CoT decomposes the
navigation task into first understanding p;, in Mj,, and then
relating p; to NP. CoT prompting is used to make this
reasoning process explicit and sequential, while SB
prompting is used to assign a probability score to each
possible action, representing the likelihood of an action to
successfully complete the navigation plan. The action with the
highest probability score, a, is then selected and passed to the
NC module for execution. The action selection process is:

a= V]“lv[(()-vis (ISVAM' )' O-text(SD" p,' a" NP' pt)COT,SB)' (8)

H. Navigation Controller (NC)

The NC module converts a into robot velocities (v, w) for
navigation execution. This is achieved in three stages using
IRCB [P L4 and I, In the first stage, the pixel coordinates
(Reen Weent) Of the centroids of X are used for the "move
forward" action. For the "turn left" and "turn right" actions,
the detected L, coordinates (h; ,w;) from L.q are used. In
the second stage, the 2D pixel coordinates, { = (h,w), are
projected into a 3D world coordinates, (x,y, z), to be passed
to the robot path planners, using the pinhole camera model
[35]. The third stage consists of global, @y, , and local
®@jocar, path planners. Namely, @551, is used to generate a

sequence of waypoints, p,,, for the robot to follow. The local
path planner, ®,,.,;, subsequently converts p,, into linear and
angular velocities (v, w), for robot navigation towards the
desired position while avoiding dynamic and static obstacles.

V. EXPERIMENTS

We conducted two sets of experiments to evaluate the
performance of our novel HAM-Nav architecture: 1) an
ablation study to assess the contributions of the specific
design choices of HAM-Nav, and 2) a user study to
investigate the feasibility and usability of HAM-Nav in real-
world environments.

A. Ablation Study in Simulated Environments

Navigation performance was investigated using three
metrics: 1) navigation time (NT), which measures the amount
of time in seconds to reach the desired position pg4, 2) success
weighted by path length (SPL), to evaluate the robot’s
navigation path compared to the human hand-drawn path, and
3) success rate (SR), which represents the proportion of
successful trials.



1) Simulated Environments: Two 3D photorealistic
environments were generated in the Gazebo simulator, Fig. 6.
The first environment was a structured indoor multi-floor
workplace featuring rectilinear walls and stair-connected
floors, Fig. 6(a). The second environment was an unstructured
outdoor construction site with irregular navigation paths
formed by randomly placed landmarks, Fig. 6(b). Examples
of landmarks in these environments included pylons, boxes,
dumpsters, chairs and computers, Fig. 6(c).

2) Mobile Robots: A Clearpath Jackal wheeled robot with a
differential drive system, and a Boston Dynamic Spot
quadruped robot were deployed. Both robots have an onboard
RGB-D sensor. For the Jackal robot, the A* algorithm global
planner [36] and the Timed Elastic Band Planner (TEB) local
planner [37] were used. For the Spot robot, the Rapidly-
exploring Random Trees based global planner (RRT) [38],
and a non-linear model predictive controller (NMPC) local
planner [39] were used. We used GPT40 as our VLM.

3) Ablation Study Methods: We compared HAM-Nav against
the following configurations: (1) HAM-Nav without Lg;.; to
assess the impact of generalized landmark locations in SD, (2)

HAM-Nav without LZ;;’.d to evaluate the effect of the
predicted landmarks, (3) HAM-Nav without M’,, to
investigate the contribution of pruned topological maps, and
(4) HAM-Nav without £M to determine the significance of
historical navigation information.

4) Procedure: For each environment, two distinct hand-drawn
maps were created for each robot platform with two random
starting and desired positions. Five trials were conducted for
each hand-drawn map across all ablation methods. To
calculate SPL, P, was converted into an equivalent path in the
metric map, representing the optimal path. A successful trial
is one where the desired position is reached.

5) Results: The average NT, SR and SPL for HAM-Nav and
its variants are presented in Table I. Our complete HAM-Nav
architecture had a higher overall performance across the
different simulated environments, compared to all ablated

Stair-
connected

Fig. 6. Simulated environment of: (a) an indoor multi-floor workplace
(25m x 55m), (b) an outdoor construction site (40 m X 40 m), and
(c) examples of photorealistic landmarks for both environments.

TABLE I: Ablation Study in Simulated Environments

Methods Avg. NT (s) | Avg. SRT  Avg.SPL T
HAM-Nav (ours) 634 80% 0.712
HAM-Nav w/o Lajct 743 45% 0.327
HAM-Nav w/o LPr<¢ 780 40% 0.287
HAM-Nav w/o M\, 893 25% 0.134
HAM-Nav w/o EM 1583 5% 0.013

methods. Specifically, HAM-Nav had the lowest NT (634s),
the highest SR (80%), and the highest SPL (0.712).
HAM-Nav without ;. had the second best performance
it terms of an average NT of 743 seconds, SR of 45%, and
SPL 0of 0.327. The longer NT and lower SR and SPL were due
to the lack of generalized landmark positions, which made

this method prone to incorrectly estimate the robot’s location

during step-by-step reasoning. HAM-Nav without L’;Zj.d

relied solely on text from the hand-drawn map, which resulted
in errors in landmark detection. HAM-Nav without M",
showed further degradation. Without pruning low likelihood
robot positional nodes, Iy, 4, became noisy, which led to an
increase in incorrect robot position estimations. Lastly, HAM-
Nav without the EM had the lowest performance overall due
to VLM hallucinations. This resulted in repeated incorrect
navigation actions without progress toward the goal. These
results demonstrate the ability of HAM-Nav to execute robot
navigation tasks based on hand-drawn maps across both
single and multi-floor environments.

A. User Study in Real-World Environments

We conducted a user study to evaluate the feasibility and
usability of HAM-Nav in real-world environments. We used
the SR and SPL performance metrics. We also evaluated
perceived usability of HAM-Nav using two standardized
metrics: 1) the 5-point Likert System Usability Scale (SUS)
[40], to provide an overall ease of use score, and 2) the Net
Promoter Score (NPS) [41], to measure the likelihood of users
recommending HAM-Nav based on their own experience.

1) Real-World Environments: Two structured indoor and one
unstructured outdoor environments were used on the UofT
campus, the: (1) Myhal Center for Engineering building
(MH), Fig. 7(a), (2) Sandford Fleming building (SF), Fig.
7(b), and (3) Industrial Alley (IA), Fig. 7(c). The ground truth
of MH is shown in Fig. 7(d).

2) Mobile Robot: A Jackal wheeled robot with a ZED Mini
stereo camera was deployed. The A* algorithm [36] and the
TEB planner [37] was used for global and local planning,
respectively. We used GPT4o0 as our VLM.

3) Procedure: Ten engineering students, ages 22-42 (u: 30.2,
o0: 5.7) participated in the study. Each participant was given a
S5-minute tour of each environment to observe the spatial
layout. After the tour, two starting and desired robot positions
were randomly chosen. Participants had 3 minutes to sketch
an environment and the robot’s path using an iPad and Apple
Pencil. This simulated time-constrained scenarios. The robot
executed two trials per environment. After all trials were
completed for the environments, each participant rated the
SUS questionnaire from 1 (strongly disagree) to 5 (strongly



TABLE II: Performance Metrics and Corresponding Results

Frequency
SUS Questionnaire Median (X) IQR 1 2 3 4 5
S1 I think that I would like to use HAM-Nav frequently to provide navigation instructions to a mobile 4 2 o 1 3 1 5
robot.
S2* I found hand-drawn maps too complex for providing navigation instructions to a mobile robot. 2 0 2 7 1 0 0
S3 I thought HAM-Nav was easy to use. 4 0 o 0 0 7 3
S4* I believe I would need help from a technical person to use HAM-Nav effectively. 1 1 6 1 2 1 0
S5 I thought the time provided for drawing the hand-drawn map was sufficient for me. 4 1 0o 0 0 6 4
S6* I thought the performance of HAM-Nav was inconsistent and did not meet my expectations based on 2 1 4 6 0 0 O
my hand-drawn map.
S7 I would imagine that most people would learn to use HAM-Nav very quickly. 5 1 o 0 2 1 7
S8+ I found HAM-Nav to be very cumbersome to use. 2 1 35 1 1 0
S9 I felt confident using my memory to draw the map for navigation instructions for HAM-Nav. 4 1 1 1 1 5 2
S10*  Ineeded to learn many things before I could start using HAM-Nav. 1 1 6 2 1 1 0
* Statements are negatively worded.
NPS Question: How likely is it that you would recommend HAM-Nav to a friend or colleague?
Participant # 1 2 3 4 5 6 7 8 9 10
SR 66.67%  83.33%  83.33%  100%  83.33%  100%  83.33%  83.33% 66.67% 33.33% Average 78%
SPL 0.542 0.774 0.795 0.873 0.783 0.921 0.812 0.795 0.579 0.263 Average 0.714
SUS Score 70 77.50 70 70 70 95 92.50 95 70 60 Average 79.5
NPS Score 6 8 6 9 7 10 9 10 7 5 Overall 10

@
Fig. 7. (a) MH building (40 m x 43 m), (b) SF building (25m x
15 m), (c) IA outdoor environment (35m X 25m), (d) ground truth
of MH with the starting (triangle) and desired (circle) robot positions.

agree) and answered the NPS question from 1 (not at all
likely), to 10 (extremely likely) to recommend HAM-Nav.

4) Results: Table II presents the SUS, NPS, SR, and SPL
scores for the study. The real-world performance of HAM-
Nav achieved an average SR of 78% and SPL of 0.714, which
followed similar trends as in Section V.A. Additionally,
HAM-Nav was able to generalize across diverse hand-
drawing styles with varying landmark densities, Fig. 8, further
demonstrating the robustness of our approach.

Overall, the average SUS score for HAM-Nav was 79.5.
This score is defined as between “Good” and “Excellent”
the adjective rating scale [40]. Specifically, participants rated
a strong willingness to use HAM-Nav frequently for
providing navigation instructions (S1, ¥ = 4, IQR = 2). They
noted that HAM-Nav was not complex (S2, ¥ = 2, IQR = 0),
hard to use (S3, ¥ = 4, IQR = 0), or cumbersome (S8, ¥ = 2,
IQR = 1). However, one participant believed they needed
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Fig. 8. Examples of hand-drawn maps in MH with low (top), medium
(middle), and high (bottom) landmark densities. The starting and desired
positions are denoted by red circles and triangles, respectively.

help from technical personnel (S4, ¥ =1, IQR =1).
Participants believed that most could learn to use HAM-Nav
quickly (S7, ¥ =5, IQR = 1), felt confident using their
memory to draw maps (S9, ¥ = 4, IQR = 1), and that the
time provided was sufficient (S5, ¥ =4, IQR =1).
Navigation performance of HAM-Nav also met participants’
expectations (S6, ¥ = 2, IQR = 1). The overall NPS score



was 10 (within the range from -100 to 100), identifying HAM-
Nav between “Good” and “Favorable” in terms of user
recommendation likelihood [42]. A video of HAM-Nav is
presented here: https://youtu.be/Pti9NnY SmeM.

VI. CONCLUSION

In this paper, we introduced the HAM-Nav architecture for
mobile robot navigation using hand-drawn maps. Our
approach uniquely leverages pre-trained VLMs for
navigation. The novelty of HAM-Nav is in its robustness
across varying environments and its ability to interpret
diverse drawing styles without requiring the hand-drawn
maps to be metrically accurate. The performance of HAM-
NAYV was validated through an ablation study as well as a user
study. Results demonstrated that HAM-Nav can effectively
navigate in both indoor and outdoor, single and multi-floor
settings, with realistic landmarks. Future work will focus on
extending HAM-Nav to support multi-robot systems.
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