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Abstract

Electronic Navigational Charts (ENCs) are the safety-
critical backbone of modern maritime navigation, yet it re-
mains unclear whether multimodal large language mod-
els (MLLMs) can reliably interpret them. Unlike natural
images or conventional charts, ENCs encode regulations,
bathymetry, and route constraints via standardized vector
symbols, scale-dependent rendering, and precise geomet-
ric structure—requiring specialized maritime expertise for
interpretation. We introduce ENC-Bench, the first bench-
mark dedicated to professional ENC understanding. ENC-
Bench contains 20,490 expert-validated samples from 840
authentic National Oceanic and Atmospheric Administra-
tion (NOAA) ENCs, organized into a three-level hierarchy:
Perception (symbol and feature recognition), Spatial Rea-
soning (coordinate localization, bearing, distance), and
Maritime Decision-Making (route legality, safety assess-
ment, emergency planning under multiple constraints). All
samples are generated from raw S-57 data through a cali-
brated vector-to-image pipeline with automated consistency
checks and expert review. We evaluate 10 state-of-the-art
MLLMs such as GPT-40, Gemini 2.5, Qwen3-VL, InternVL-
3, and GLM-4.5V, under a unified zero-shot protocol. The
best model achieves only 47.88% accuracy, with system-
atic challenges in symbolic grounding, spatial computation,
multi-constraint reasoning, and robustness to lighting and
scale variations. By establishing the first rigorous ENC
benchmark, we open a new research frontier at the intersec-
tion of specialized symbolic reasoning and safety-critical
Al providing essential infrastructure for advancing MLLMs
toward professional maritime applications.

1. Introduction

Maritime transportation underpins over 90% of global trade,
yet over 26,000 marine casualties occurred in EU waters

*Corresponding author.
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between 2014 and 2023 [1, 15], with catastrophic inci-
dents exceeding USD 400 million in losses [8]. Elec-
tronic Navigational Charts (ENCs) are now mandatory for
commercial vessels under International Maritime Organi-
zation regulations, with paper charts being phased out by
2030 [20, 43]. As maritime Al reaches 4.13 billion in mar-
ket value with demonstrated potential to reduce collision
risks by 75% [34, 46], reliable Al interpretation of ENCs
becomes critical for next-generation safety systems.
However, ENCs represent a highly specialized vertical
domain that fundamentally differs from general visual con-
tent [4, 21, 47]. Unlike natural images or statistical charts,
ENCs encode safety-critical information through three dis-
tinctive characteristics that demand professional maritime
expertise: (1) standardized symbolic systems (Interna-
tional Hydrographic Organisation, IHO S-57) [25] where
regulatory information, bathymetric features, and naviga-
tional aids are represented through formal vector sym-
bols with precise semantic meanings; (2) scale-dependent
multi-layer rendering where cartographic features dynam-
ically appear, disappear, or transform across zoom lev-
els following cartographic generalization principles; and
(3) multi-constraint spatial geometry requiring simulta-
neous evaluation of water depth, vessel draft, restricted
zones, traffic separation schemes, and environmental condi-
tions. This domain specificity necessitates systematic eval-
uation of whether Al systems possess the requisite symbolic
grounding and structured reasoning capabilities.
Multimodal Large Language Models (MLLMs) [10,
24, 41, 54, 56, 60] have demonstrated remarkable capa-
bilities in general visual understanding tasks, excelling on
benchmarks spanning everyday photographs, common ob-
jects, and natural scenes [17, 18, 23, 30, 37, 51, 66]. Yet
research consistently reveals a critical limitation: mod-
els trained predominantly on general-domain visual data
struggle when transferred to specialized domains requir-
ing domain-specific symbolic systems and structured spatial
reasoning [5, 11, 49, 58, 63, 65]. This raises a fundamental
question: Can current MLLMs bridge the gap between gen-
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Figure 1. Overview of ENC-Bench. Our benchmark evaluates MLLMs across three hierarchical tiers: Perception (L-1), Spatial Reasoning
(L-2), and Maritime Decision-Making (L-3). Example tasks are shown on the left with corresponding visual elements on an authentic
NOAA chart (right), demonstrating the progression from basic symbol interpretation to complex multi-constraint decision-making required
in professional maritime navigation.

eral visual understanding and the symbolic, structured, and ples from 840 authentic NOAA charts conforming to THO
safety-critical domain of ENCs? S-57 standards. Each sample undergoes rigorous qual-
Unfortunately, existing benchmarks fail to tackle this is- ity control through automated consistency validation and
sue. Chart understanding benchmarks [22, 27, 38, 40, 59] systematic expert review, ensuring alignment with profes-
focus on statistical plots with unstructured visual elements sional maritime practice and safety protocols.
rather than formal geospatial symbology. Document bench- * Hierarchical Evaluation Framework. We design a
marks [12, 33, 39] emphasize text extraction and layout un- three-tier assessment pipeline (Perception — Spatial
derstanding over geometric spatial reasoning. Geographic Reasoning — Maritime Decision-Making) that decom-
reasoning benchmarks [50, 52, 62] explore location iden- poses ENC understanding from basic symbol recognition
tification but lack the intersection of standardized sym- through coordinate-based geometric reasoning to com-
bolic interpretation, multi-scale cartographic reason- plex, multi-constraint safety judgments—mirroring the
ing, and multi-constraint safety decision-making that de- cognitive hierarchy required in maritime navigation.
fines professional maritime navigation. No benchmark sys- ¢ Comprehensive Evaluation and Analysis. We con-
tematically evaluates whether MLLMs possess the special- duct extensive zero-shot evaluation of 10 state-of-the-
ized cognitive faculties required for ENC comprehension— art MLLMs including GPT-40, Gemini 2.5, Qwen3-VL,
a critical capability gap as Al systems increasingly integrate GLM-4.5V, InternVL-3, and Llama-4, revealing severe
into maritime safety infrastructure. capability gaps: the best model achieves only 47.88% ac-
To bridge this gap, we introduce ENC-Bench, the first curacy. Through in-depth error analysis, we identify three
comprehensive benchmark for evaluating MLLM capabili- fundamental limitations—symbolic grounding bottleneck
ties in ENCs understanding. Designed to mirror the cogni- (failure to interpret formal notation like coordinate grids
tive pipeline of certified maritime navigators—f{rom symbol and scale bars), multi-constraint reasoning deficiency
recognition to safety-critical decision-making under mul- (greedy local optimization rather than explicit global con-
tiple constraints—ENC-Bench provides a rigorous testbed straint satisfaction), and lack of robustness across light-
for assessing model readiness in specialized, high-stakes vi- ing modes and scale variations—providing concrete di-
sual domains. Our contributions are: rections for advancing vision-language models toward de-
¢ Professional-Grade Dataset. We construct 20,490 sam- ployment readiness in professional domains.
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Table 1. Comparison of ENC-Bench with existing benchmarks. v/,

, and Xseparately represent full support (supports the core capability),
partial support (e.g., informal/math symbols, Euclidean/layout reasoning, or multi-resolution), and no support.

Standardized Precise Geospatial Multi-Scale Multi-Light

Benchmark | Domain Symbol Recognition | Reasoning (Numerical) | (Cartographic) | (Rendered Modes)
MME [16] | General X X X X
MMBench [32] | General X X X X
MMMU [64] | General X X
DocVQA [39] | Chart/Doc X X X
ChartQA [38] | Chart/Doc X v X X
MathVista [36] | Geometry/Math v X X
GeoQA [6] | Geometry/Math v X X
MapQA [13] | Map X X X
MapEval [14] | Map X v X X
RSVQA [35] | Remote Sensing X X
SkyScript [57] | Remote Sensing X X X
ENC-Bench (Ours) | Maritime v \ v \ v \ v

2. Related Work

Multimodal LLMs and General Visual Understanding.
Recent MLLMs [2, 9, 31, 44, 53, 60] have achieved remark-
able success on general visual understanding benchmarks
such as MME [16], MMBench [32], and MMMU [64],
which evaluate perception and reasoning over natural im-
ages and everyday scenes [17, 23, 30]. However, research
consistently reveals their limitations when transferred to
specialized professional domains requiring formal symbolic
systems and domain-specific expertise [49, 58, 65].

Chart and Document Understanding. Benchmarks in-
cluding DocVQA [39], ChartQA [38], and InfoVQA [40]
assess information extraction from business documents
and statistical visualizations. Specialized models such as
Pix2Struct [29] and ChartLlama [19] advance these capa-
bilities through targeted training. However, these works
focus on pixel-rendered data visualizations where values
are encoded through informal visual geometry (bar heights,
pie angles)—not vector-based standardized symbology gov-
erned by international regulatory frameworks encoding le-
gal constraints and safety-critical information.

Geospatial Visual Understanding. Remote sens-
ing benchmarks (RSVQA [35], SkyScript [57], LHRS-
Bench [42]) evaluate satellite imagery interpretation, while
map understanding benchmarks (MapQA [13], MapE-
val [14]) assess reasoning on consumer web maps. Domain-
adapted models like GeoChat [28] and RS-LLaVA [3]
demonstrate improved performance through specialized
pretraining.  Yet these works evaluate either observa-
tional photographic data or informal consumer cartogra-
phy with approximate spatial representations—neither ad-
dresses safety-certified professional navigation charts em-
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ploying standardized symbology (IHO S-57), legally man-
dated positional accuracy, and regulatory compliance for in-
ternational maritime operations.

Structured Visual Reasoning. Geometry-focused bench-
marks including GeoQA [6], UniGeo [7], and Math-
Vista [36] evaluate mathematical reasoning over educa-
tional diagrams and abstract geometric problems. While
these assess structured reasoning capabilities, they operate
within idealized Euclidean coordinate systems suitable for
textbook scenarios—distinct from spherical geodetic coor-
dinate systems required for real-world nautical computa-
tions involving Haversine distance, meridian convergence,
and DMS notation critical for maritime route planning.

Our Positioning: Safety-Critical Symbolic Reasoning
in Maritime Navigation. Existing benchmarks (Table 1)
evaluate general vision, informal visualizations, geospa-
tial maps, or abstract geometry—none address professional
maritime navigation charts requiring regulatory compli-
ance. ENC-Bench uniquely combines four capabilities es-
sential for safety-critical ENC interpretation: (1) Standard-
ized Symbolic Recognition—IHO S-57 regulated symbol-
ogy encoding legal constraints; (2) Precise Geospatial Rea-
soning—exact coordinate computation with nautical accu-
racy requirements; (3) Multi-Scale Cartographic Render-
ing—scale-dependent feature aggregation following profes-
sional cartographic principles; and (4) Multi-Lighting Op-
erational Modes—robustness across day/dusk/night render-
ing modes. By simultaneously evaluating these dimensions
in authentic navigational contexts where interpretation er-
rors lead to maritime casualties, ENC-Bench establishes es-
sential infrastructure for advancing MLLMs from general-
purpose understanding toward deployment in high-stakes
professional domains.
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Figure 2. ENC-Bench Data Generation Pipeline. Four-stage process transforms 840 NOAA S-57 charts into 20,490 validated samples:
(1) Rendering & Parsing produces multi-condition images and extracts GeoJSON features; (2) Image Registration establishes pixel-to-
geo coordinate conversion; (3) Feature Annotation marks point/line/polygon features with expert verification; (4) Question Generation
applies templates to create structured QA pairs with validated ground truth.

3. ENC-Bench

We introduce ENC-Bench, a comprehensive benchmark
with 20,490 expert-validated samples from 840 authentic
NOAA S-57 charts, organized into three tiers (Perception
— Spatial Reasoning — Maritime Decision-Making) with
systematic variations across lighting modes and scale levels.

3.1. Dataset Construction

3.1.1. Data Source and Coverage

We collected 840 Electronic Navigational Charts from
the National Oceanic and Atmospheric Administration
(NOAA) [43], which provides publicly accessible, quality-
assured official ENCs actively used in operational naviga-
tion. All charts conform to the IHO S-57 standard [25], the
globally recognized format for official ENCs. The dataset
encompasses operational scenarios: shallow harbors, deep-
water shipping lanes, traffic separation schemes, restricted
zones, and ecologically sensitive areas, ensuring compre-
hensive representation of real-world navigation contexts.

3.1.2. Data Generation Pipeline

We developed a semi-automated four-stage pipeline to
transform raw S-57 vector data into structured question-
answer pairs (Figure 2):

Stage 1: Data Rendering & Parsing. S-57 binary charts
are rendered via OpenCPN [45] across three lighting modes
(day/dusk/night) following Electronic Chart Display and In-
formation System (ECDIS) operational standards [26] and
six scale levels (1:50k, 1:70k, 1:100k, 1:130k, 1:200Kk,
1:300k). Charts are parsed into GeoJSON features using
GDAL [48], with abbreviated attribute codes mapped to
human-readable descriptions via official IHO lookup ta-
bles [25]. Cross-referenced features are merged based on
LNAM identifiers to maintain semantic integrity.

Stage 2: Image Registration. We establish bidirectional
pixel-to-geographic coordinate conversion through control
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point matching. Two geographic control points are man-
ually labeled per chart in pixel space using Labelme [55],
enabling affine transformation matrices for precise coordi-
nate conversion required by spatial reasoning tasks.

Stage 3: Feature Annotation. Point, linestring, and poly-
gon features are systematically annotated. Point features
are grouped using graph-coloring algorithms to prevent vi-
sual overlap, with manual refinement for ambiguous cases.
Linear features are marked at endpoints. Polygons use axis-
aligned bounding boxes. Density control ensures visual
clarity with a median of 8 features per image. All anno-
tations are verified through expert review to ensure correct-
ness and nautical plausibility.

Stage 4: Question Generation. We apply task-specific
templates to generate 20,490 questions across 10 categories.
Ground truth for spatial reasoning tasks is computed using
validated nautical formulas: Haversine distance for nautical
mile calculations, bearing computation via arctangent of co-
ordinate differences adjusted for true north, and affine trans-
formation for coordinate localization. Multiple-choice dis-
tractors are systematically generated based on common nav-
igation errors (e.g., reversed bearings, incorrect unit conver-
sions, overlooked constraints).

3.1.3. Quality Control

We implement a rigorous two-stage validation protocol.
Stage 1 (Automated Verification): Each question’s answer
is cross-checked against original chart file attributes, vali-
dating coordinates through transformation matrices, depth
values via S-57 SOUNDG objects, feature classifications
through object class codes, and computed spatial metrics
using reference implementations. Stage 2 (Expert Re-
view): All generated questions undergo review by mar-
itime navigation professionals for formatting consistency,
linguistic clarity, and plausibility of multiple-choice op-
tions, ensuring alignment with professional practice.



3.2. Benchmark Design

We structure ENC-Bench into three tiers with 10 task di-
mensions reflecting the cognitive hierarchy of maritime
navigation: perception, spatial reasoning, and decision-
making, as illustrated in Figure 1.

3.2.1. L-1 Perception (4 Tasks)

Perception tasks assess the ability to interpret standard-
ized maritime symbology in authentic chart contexts, test-
ing both isolated symbol recognition and contextual feature
understanding across three geometry types.

Symbol Recognition. Models identify IHO-standardized
symbols from isolated visual appearance, testing direct
visual-to-semantic mapping of maritime notation.

Point Feature Understanding. Models extract structured
attributes from point features (buoys, lighthouses) embed-
ded in complete chart scenes.

Linestring Feature Understanding. Models identify types
and directional semantics of linear features (tracks, con-
tours) marked with endpoints in full chart contexts.
Polygon Feature Understanding. Models interpret re-
gional semantics and safety attributes of area features
(zones, restricted areas) marked with bounding boxes.

3.2.2. L-2 Spatial Reasoning (3 Tasks)

Spatial reasoning demands quantitative geometric computa-
tion grounded in cartographic principles, testing numerical
reasoning with coordinate systems and scale conversion.
Coordinate Localization. Given a marked point, mod-
els predict geographic location through two approaches:
outputting decimal-degree coordinates converted to pixel
space, or directly predicting pixel coordinates. Both are
evaluated using pixel-space error, enabling comparison of
symbolic notation interpretation versus visual localization.
Bearing Calculation. Given two points, models compute
compass bearing (0-360°, true north = 0°) between them,
requiring point identification, vector angle calculation, and
alignment with chart orientation.

Distance Measurement. Given two points, models calcu-
late distance in nautical miles, extracting scale information,
measuring pixel distance, and applying unit conversion.

3.2.3. L-3 Maritime Decision-Making (3 Tasks)

The highest tier evaluates synthesis of perceptual and spatial
information into actionable navigation decisions under real-
world multi-constraint scenarios.

Track Direction Recognition. Given a marked route with
endpoints, models determine legal navigation direction:
“from a to a’”, “from a’ to a”, or “non-navigable”, inter-
preting traffic separation schemes and routing regulations.
Safety Passage Assessment. Given a vessel’s draft and pas-
sage, models judge if safe transit is possible (True/False),
requiring extraction of depth soundings, identification of
minimum depth, and application of safety margins.
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Table 2. Key statistics of the ENC-Bench benchmark. “Excluding
384 Symbol Recognition samples (isolated symbols without con-
textual rendering). Contextual tasks total: 20,106 samples.

Statistics Number
Total Questions 20,490
Total Charts 840
Task Categories 10
Task Hierarchy
Perception 14,886 (72.6%)
- Symbol Recognition 384
- Point Features 7,830
- Linestring Features 2,562
- Polygon Features 4,110
Spatial Reasoning 4,338 (21.2%)
- Coordinate Localization 2,016
- Bearing Calculation 1,161
- Distance Measurement 1,161
Maritime Decision-Making 1,266 (6.2%)
- Track Direction Recognition 141
- Safety Passage Assessment 702
- Anchorage Selection 423
Lighting Modes (Contextual Tasks)*
Day Mode 6,702 (33.3%)
Dusk Mode 6,702 (33.3%)
Night Mode 6,702 (33.3%)

Scale Levels (Contextual Tasks)*
Large Scale (1:50k, 1:70k)
Intermediate Scale (1:100k, 1:130k)
Small Scale (1:200k, 1:300k)

6,507 (32.4%)
7,557 (37.6%)
6,042 (30.0%)

Anchorage Selection. When a vessel encounters an emer-
gency, models select the nearest safe anchorage from four
candidates: minimizing distance while ensuring adequate
depth and verifying non-restricted status.

3.3. Dataset Statistics

Scale and Distribution. Table 2 presents key statis-
tics. ENC-Bench comprises 20,490 samples with hier-
archical distribution: Perception (72.6%), Spatial Rea-
soning (21.2%), and Maritime Decision-Making (6.2%).
This pyramid structure reflects cognitive complexity
progression—models may excel at perception yet fail at
spatial computation or multi-constraint judgment.

Multi-Condition Rendering. Contextual samples are
evenly distributed across three lighting modes and six scale
levels. Lighting modes include day (bright backgrounds),
dusk (reduced contrast), and night (dark backgrounds, high-
contrast symbols). Scale levels span large scales (1:50k,
1:70k) with maximum detail, intermediate scales (1:100k,
1:130k) with moderate density, and small scales (1:200k,
1:300k) with cartographic generalization. This systematic
variation tests model robustness across conditions mariners
encounter when adjusting display settings.



Table 3. Performance on Perception and Decision-Making tasks. Results in accuracy (%). Bold indicates best performance.

Perception Decision-Making
Model Symbol  Point  Line  Polygon | Track Safety = Anchor | Average
Gemini-2.5-Pro [10] 69.53 4538  30.05 39.95 63.12 5755 29.55 47.88
Gemini-2.5-Flash [10] 63.80 41.89  29.08 39.44 59.57 5584 24.35 44.85
GPT-40 [24] 50.78 3639 21.58 23.97 4539 4544 20.57 34.87
Qwen3-VL-235B-Instruct [61] 57.03 51.79  29.70 29.93 7447  58.97 26.48 46.91
Qwen3-VL-235B-Thinking [61] 54.17 49.34  28.18 27.83 7518  61.54 30.50 46.68
Qwen3-VL-32B-Instruct [61] 50.26 48.77  29.39 26.86 68.79  58.40 17.26 42.82
Qwen3-VL-32B-Thinking [61] 46.88 3593 2845 24.67 73776 5598 18.44 40.59
GLM-4.5V [54] 38.80 4344 2092 21.61 53.19  65.67 26.24 38.55
InternVL-3-38B [56] 55.99 2736 19.87 30.29 51.06  54.13 20.57 37.04
Llama-4-Maverick-17B [41] 47.66 4275 19.83 18.54 5390  57.55 14.89 36.44
Random Chance | 25.00 25.00  25.00 25.00 | 3333  50.00 2500 | 29.76

Table 4. Performance on Spatial Reasoning tasks. Results in Acc@T (%) and Mean Error. Bold indicates best performance.

Coordinate (Geo) Coordinate (Pixel) Direction Distance
Model Acc@200px (%) T Err (px) | | Acc@200px (%) 1 Err (px) | | Acc@20° (%)1 Err(°) | | Acc@0.2 (%) 1T Err (%) |
Gemini-2.5-Pro [10] 17.36 495.2 2143 480.5 46.86 29.95 25.67 42.31
Gemini-2.5-Flash [10] 16.77 502.1 21.03 466.0 28.77 66.89 25.93 42.72
GPT-4o [24] 12.20 540.5 6.94 552.1 25.15 73.88 19.29 48.78
Qwen3-VL-235B-Instruct [61] 11.31 570.4 12.20 510.9 36.95 33.53 16.71 56.36
Qwen3-VL-235B-Thinking [61] 11.01 555.2 12.90 501.7 55.64 34.15 20.33 51.02
Qwen3-VL-32B-Instruct [61] 5.26 630.3 5.16 635.3 26.44 52.11 12.75 48.70
Qwen3-VL-32B-Thinking [61] 6.94 615.1 7.34 610.2 44.10 52.08 491 58.20
GLM-4.5V [54] 9.52 580.6 14.38 497.9 28.60 3222 9.04 63.03
InternVL-3-38B [56] 13.19 512.7 10.52 565.1 41.09 54.80 13.09 47.95
Llama-4-Maverick-17B [41] 9.13 590.3 12.90 574.4 14.90 74.22 7.41 68.99

4. Experiments

4.1. Experimental Setup

Evaluated Models. @ We evaluate ten state-of-the-art
MLLMs spanning diverse architectures and parameter
scales, categorized into two types: 1) Closed-source mod-
els include GPT-40 [24], Gemini 2.5 Pro, and Gemini
2.5 Flash [10], representing commercial frontier systems;
2) Open-source models comprise Qwen3-VL-235B and
Qwen3-VL-32B [61] (each available in both Instruct and
Thinking variants), InternVL-3-38B [56], GLM-4.5V [54],
and Llama-4-Maverick-17B-128E [41]. This selection
spans 17B to 235B parameters, enabling analysis across
model sizes, architectural paradigms (dense vs. MoE), and
reasoning strategies (instruct vs. thinking).

Evaluation Metrics. Model performance is evaluated un-
der zero-shot setting with uniform prompts across all mod-
els. Perception and Decision-Making tasks use multiple-
choice format with chart images and natural language ques-
tions, while Spatial Reasoning tasks require numeric out-
puts with explicit unit specifications. Closed-source models
are accessed via official APIs; open-source models via Hug-
gingFace Transformers. Perception and Decision-Making
tasks use Accuracy (%). Spatial Reasoning tasks employ
Accuracy at Tolerance (Acc@T)—predictions within er-
ror thresholds—and Mean Error in task-specific units. Co-
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ordinate localization evaluates geographic coordinates (lat-
itude/longitude converted to pixels) and direct pixel predic-
tion, both with 200px tolerance. Bearing and distance use
20° and 20% relative error thresholds. Full prompts and ad-
ditional results are in the Appendix.

4.2. Main Results

We present evaluation results across the three tiers. Table 3
reports performance on Perception and Decision-Making
tasks, while Table 4 presents Spatial Reasoning results.
Results on Perception Tasks. Perception tasks reveal a
substantial performance gap between isolated and contex-
tual understanding. Symbol Recognition on isolated sym-
bols proves most accessible, with Gemini-2.5-Pro achieving
approximately 70% accuracy. However, when these same
symbols appear embedded in complete chart scenes, per-
formance degrades dramatically—contextual feature recog-
nition drops to a range of 30%-52% depending on feature
type and visual complexity. This degradation demonstrates
that overlapping layers, dense bathymetry, and competing
visual elements fundamentally challenge current vision ar-
chitectures trained predominantly on natural images. All
models substantially exceed random baseline performance,
yet the best average across perception tasks reaches only
48%, falling far short of professional maritime requirements
where near-perfect accuracy is expected.



Table 5. Average model performance across lighting conditions.
Delta shows change relative to day mode baseline. green indicates
improvement, Red indicates degradation.

Table 6. Average model performance across scale levels. Delta
shows change relative to large scale baseline. green indicates im-
provement, Red indicates degradation.

Task Category Day Dusk Night
Perception & Decision-Making (Accuracy % 1)
Point Features 42.88 41.76 (-1.12) 42.27 (-0.61)
Linestring Features 27.01 24.86 (-2.15) 25.26 (-1.75)
Polygon Features 27.32  29.92 (+2.60)  27.70 (+0.38)
Track Direction 65.35 61.27 (-4.08)  58.92 (-6.43)
Safety Assessment 57.80 5599 (-1.81) 57.52 (-0.28)
Anchorage Selection 24.63 22.18 (-2.45) 21.85 (-2.78)
Spatial Reasoning (Mean Error |.)

Coordinate (Geo) Error (px) 5924  587.6(-4.8)  490.5(-101.9)
Coordinate (Pixel) Error (px) 558.5  539.1(-19.4)  520.6 (-37.9)
Direction Error (°) 55.11 51.26 (-3.85) 44.78 (-10.33)
Distance Error (%) 53.01 52.46 (-0.55) 52.94 (-0.07)

Results on Spatial Reasoning Tasks. Spatial Reasoning
exposes fundamental limitations in visually-grounded nu-
merical computation (Table 4). Coordinate localization re-
veals a counterintuitive pattern: models achieve better ac-
curacy through direct pixel prediction than through geo-
graphic coordinate conversion, despite the latter being the-
oretically more precise for cartographic localization. This
pattern reveals a critical bottleneck—models struggle more
with interpreting formal coordinate notation systems than
with visual feature localization itself. The geographic ap-
proach requires reading grid annotations, interpolation, and
unit conversion, with errors cascading at each step. Direc-
tion calculation shows that extended reasoning variants sub-
stantially outperform standard models, while distance mea-
surement proves universally challenging with best perfor-
mance around 26% accuracy and mean relative errors ex-
ceeding 40%. The consistently poor results suggest fun-
damental architectural limitations in maintaining precision
through multi-step numerical reasoning chains.

Results on Decision-Making Tasks. Decision-Making
tasks reveal divergent difficulty levels that directly corre-
late with constraint complexity. Simpler tasks with con-
strained decision spaces achieve moderate success, reaching
approximately 65%-75% accuracy. In stark contrast, An-
chorage Selection—requiring simultaneous optimization of
distance, depth, and regulatory constraints—proves catas-
trophic, with best performance barely exceeding random
baseline. Extended reasoning mechanisms consistently im-
prove performance, with gains ranging from minimal on
simple tasks to substantial on complex ones. However,
these improvements prove insufficient for operational de-
ployment. The results expose a fundamental architec-
tural limitation: current models lack explicit mechanisms
for constraint enumeration, independent verification, and
multi-objective synthesis required in safety-critical profes-
sional navigation scenarios.
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Small Scale
(1:200k, 1:300k)

Intermediate
(1:100Kk, 1:130k)

Task Category Large Scale

(1:50k, 1:70k)
Perception Tasks (Accuracy % 7T)

Point Features 42.24 47.72 (+5.48) 38.19 (-4.05)

Linestring Features 28.83 20.23 (-8.60) 20.26 (-8.57)

Polygon Features 28.93 26.73 (-2.20) 25.37 (-3.56)
Decision-Making Tasks (Accuracy % T)

Track Direction 68.16 58.33 (-9.83) 52.30 (-15.86)

Safety Assessment 51.19 59.72 (+8.53) 48.96 (-2.23)

Anchorage Selection 16.47 20.34 (+3.87) 11.22 (-5.25)

4.3. Ablation Studies

We analyze model performance robustness across two crit-
ical rendering conditions: lighting modes and scale levels.
These dimensions directly impact operational ECDIS usage
as mariners regularly adjust display settings based on ambi-
ent conditions and navigation phases.

Performance Across Lighting Modes. Table 5 presents
average performance across three lighting modes, revealing
divergent task-specific dependencies on color information.
Perception and Decision-Making tasks favor day mode, de-
grading up to 6% under night mode as color-dependent fea-
tures lose discriminability. In stark contrast, Spatial Rea-
soning tasks paradoxically improve under night mode ren-
dering. Geographic coordinate localization shows dramatic
improvement, substantially exceeding direct pixel localiza-
tion gains. This counterintuitive pattern reveals an under-
lying trade-off: high-contrast monochromatic rendering en-
hances symbolic notation reading by reducing visual am-
biguity, while simultaneously impairing semantic feature
classification that relies on color discrimination. Direction
calculation shows substantial improvements, while distance
measurement demonstrates minimal sensitivity.
Performance Across Scale Levels. Table 6 analyzes per-
formance across large, intermediate, and small scales, ex-
posing adaptation failures to cartographic generalization.
Perception tasks exhibit complex non-monotonic patterns
as scale decreases: linear and polygon features degrade
consistently with each scale reduction, while point features
paradoxically improve at intermediate scales before declin-
ing. This demonstrates models cannot adjust interpretation
strategies as rendering simplifies at smaller scales—a capa-
bility humans employ intuitively. Decision-Making shows
greater instability, with Track Direction suffering severe
degradation (approaching 16%), while other tasks fluctuate
unpredictably. Overall, Perception degrades progressively
while Decision-Making maintains stability at intermediate
scales before collapsing. These variations fundamentally
undermine reliability for operational use, where mariners
routinely adjust zoom levels.
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Figure 3. Error distribution of Gemini-2.5-Pro’s incorrect results and example errors in its responses.

4.4. Error Analysis and Discussions

Error Analysis. We conduct error analysis on 200 ran-
domly sampled incorrect predictions from Gemini-2.5-Pro,
as visualized in Figure 3. Reasoning errors and visual per-
ception errors dominate failures, accounting for 38% and
35% of total errors respectively. Reasoning errors primar-
ily manifest as multi-step failures in spatial judgment and
constraint integration, where models correctly perceive in-
dividual elements but fail to reason about their relation-
ships. For instance, in anchorage selection tasks, models
misidentify feature types, misjudge spatial proximity, and
provide incorrect directional descriptions—failing across
multiple reasoning dimensions simultaneously. Visual per-
ception errors commonly involve OCR failures on coordi-
nate grid annotations: models consistently misread latitude
values by approximately one degree, directly explaining
why geographic coordinate prediction underperforms direct
pixel localization. Calculation errors occur when numerical
computations fail despite correct visual perception, while
knowledge errors and instruction-following issues represent
secondary failure modes likely stemming from insufficient
domain-specific pretraining.

Findings and Discussions. We discuss key findings from
our experiments to inspire future work: 1) Current MLLMs
fall significantly short of professional maritime require-
ments, with best performance reaching only 47.88% com-
pared to near-perfect accuracy expected in operational set-
tings. The gap between perception and decision-making
capabilities indicates that symbolic recognition alone is in-
sufficient—structured reasoning remains the critical bottle-
neck. 2) Geographic coordinate prediction consistently un-
derperforms direct pixel localization despite being theoret-
ically more precise, revealing that models struggle more
with formal notation systems than with visual feature de-
tection. This exposes a fundamental limitation in symbolic-
to-spatial translation. 3) Extended reasoning mechanisms
substantially improve performance on decomposable geo-
metric tasks but fail at multi-constraint optimization. Think-
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ing modes excel at procedural decomposition yet lack ex-
plicit constraint verification mechanisms for complex deci-
sions. 4) Models show limited robustness across render-
ing variations. Non-monotonic patterns across scale levels
and paradoxical improvements under night mode demon-
strate inability to adjust interpretation strategies—a capabil-
ity humans employ intuitively. 5) Multi-constraint decision-
making reveals architectural limitations of current mod-
els. Tasks requiring simultaneous optimization of distance,
depth, and regulatory compliance demand structured rea-
soning capabilities absent in existing models. These find-
ings demonstrate that professional maritime applications re-
quire innovations in symbolic grounding, verifiable reason-
ing, and rendering-aware processing beyond merely scaling
existing architectures.

5. Conclusion

We introduce ENC-Bench, the first comprehensive bench-
mark for evaluating multimodal large language models on
Electronic Navigational Chart understanding. ENC-Bench
addresses the gap between general visual understanding and
professional maritime navigation through 20,490 expert-
validated samples from 840 NOAA charts, organized into
a three-tier framework spanning perception, spatial rea-
soning, and maritime decision-making. Evaluation of 10
state-of-the-art MLLMs reveals severe capability gaps, with
the best model achieving only 47.88% accuracy and catas-
trophic failures in multi-constraint reasoning (30.50% on
anchorage selection). Error analysis identifies fundamental
limitations in symbolic notation interpretation, constraint
satisfaction, and adaptive visual processing across render-
ing variations. Looking ahead, our benchmark methodol-
ogy extends to other professional domains requiring stan-
dardized symbolic systems—aviation charts, infrastructure
blueprints, and scientific visualization. We anticipate that
ENC-Bench will inspire research in domain-specific visual
understanding and benefit the development of deployable
Al systems for highly specialized vertical domains.
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