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Abstract

Identifying transportation units (TUs) is essential for improving the efficiency of port logis-
tics. However, progress in this field has been hindered by the lack of publicly available benchmark
datasets that capture the diversity and dynamics of real-world port environments. To address this
gap, we present the TRUDI dataset—a comprehensive collection comprising 35,034 annotated in-
stances across five categories: container, tank container, trailer, ID text, and logo. The images were
captured at operational ports using both ground-based and aerial cameras, under a wide variety of
lighting and weather conditions. For the identification of TUs—which involves reading the 11-digit
alphanumeric ID typically painted on each unit—we introduce TITUS, a dedicated pipeline that op-
erates in three stages: (1) segmenting the TU instances, (2) detecting the location of the ID text, and
(3) recognising and validating the extracted ID. Unlike alternative systems, which often require sim-
ilar scenes, specific camera angles or gate setups, our evaluation demonstrates that TITUS reliably
identifies TUs from a range of camera perspectives and in varying lighting and weather conditions.
By making the TRUDI dataset publicly available, we provide a robust benchmark that enables the
development and comparison of new approaches. This contribution supports digital transformation
efforts in multipurpose ports and helps to increase the efficiency of entire logistics chains.
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1 Introduction

Multipurpose terminals in ports need to accommodate various modes of transportation and
volatile cargo volumes with limited available space. The resulting dynamic environments
created by constant modifications in storage configurations and operational processes make
the use of fixed infrastructure for monitoring terminals impractical. This leads to increased
manual labour for inventory keeping and inadequate traceability of transportation units (TUs),
such as containers and cranable semi-trailers. Efficient, digital terminal monitoring thus re-
quires the reliable identification of individual TUs [28, 33].

TUs have standardised dimensions and feature unique markings as defined in ISO6346 [4].
These alphanumeric ID codes ensure unambiguous visual identification and are usually
painted on the top or sides of each TU. They consists of a four-letter owner code, a six-digit
serial number, and a single check digit. Despite advancements in automation systems for
identification technologies like Optical Character Recognition (OCR) gates [43] and RFID
tags [34] on the TUs, these approaches often fall short in adaptability, especially in multipur-
pose terminals with seasonal operational variability. Existing solutions for TU identification
typically rely on character detection from a specific target area followed by character recog-
nition [9, 43]. Other solutions relax the assumption of a predefined target area by adding
another step to detect the ID first [38, 40]. However, these methods are still constrained to
fixed camera placements and struggle with changing perspectives, particularly when using
mobile cameras mounted on unmanned aerial vehicles (UAVs) or reach stackers (RSs) [36].
Moreover, existing methods are mostly evaluated on proprietary datasets often consisting of
images taken in one single port which limits comparability. There are currently no publicly
available datasets for TU identification [23].

We introduce the TRansportation Unit Detection and Identification (TRUDI) dataset
comprising images captured from both aerial and ground perspectives under different light-
ing and weather conditions. This dataset addresses the comparability issue and supports
the progress towards more adaptable port monitoring operations utilising moving cameras.
Moreover, we propose a flexible TU identification method which is suitable for use with both
aerial and ground-based imagery and, thus, does not rely on fixed infrastructure. We intro-
duce and employ the Three-stage Identification of Transportation UnitS (TITUS) pipeline
that consists of segmentation of TU instances, ISO6346 compliant ID text detection, and
text recognition. The use of an instance segmentation stage prior to text detection and text
recognition enables associating TUs with their IDs reducing the search space for text detec-
tion. Additionally, the association of the segmented instances and ID codes can support the
localisation of TUs inside terminals using mobile cameras with GPS sensors. This facilitates
down-stream applications such as the creation of a digital twin for the detailed analysis of
operational processes. With the release of TRUDI and the introduction of TITUS, we aim to
provide researchers and practitioners with valuable resources for developing and evaluating
new methods on multiperspective and robust identification of TU.

In summary, our contributions are: (1) a new and publicly available dataset1, TRUDI,
for TU identification from aerial and ground perspectives, (2) a novel three-stage pipeline,
TITUS, and the (3) detailed evaluation of the proposed pipeline on the TRUDI dataset.

1https://github.com/egulsoylu/trudi
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2 Related Work
Existing literature mostly focuses on automatic container code recognition using fixed cam-
eras [1, 23, 39], thereby excluding the use of mobile cameras, including ground-based hand-
held devices and aerial platforms such as UAVs. While the use of UAVs, in particular, en-
ables more scalable and flexible image acquisition, it also introduces new challenges, such as
the detection of small text areas within complex backgrounds. These challenges can reduce
performance in identifying TUs [36]. Furthermore, the identification of intermodal loading
units, such as cranable semi-trailers, remains largely overlooked in the literature [42].

Early approaches for this task often rely on digital image processing techniques [14, 26,
31]. These conventional methods are still employed alongside deep learning (DL) methods
to form hybrid solutions, allowing for effective task-specific feature engineering. Nguyen et
al. [29] employ both conventional computer vision and machine learning (ML) techniques
including histogram of oriented gradients and support vector machines in a pre-processing-
intensive method for text detection and recognition. While their approach has a robust pre-
processing stage, the lack of comparative evaluation with DL models presents limitations,
particularly regarding the adaptability and accuracy of their system in uncontrolled environ-
ments. Additionally, Hsu et al. [10] employ YOLOv4 for the initial detection phase and
use Tesseract OCR [35] for text recognition, integrating histogram equalisation and morpho-
logical operations in the pre-processing stage. Although this method benefits from power-
ful OCR capabilities, its performance and robustness in varying environmental conditions
remain unclear due to limited dataset diversity. Another hybrid method [15], an end-to-
end recognition system, applies edge detection and component analysis to classify charac-
ters with support vector machines. This approach demonstrates an alternative to DL-based
methodologies yet remains susceptible to variations in lighting and TU condition.

Since ML-based solutions have demonstrated automatic feature learning and extraction
from a given dataset, researchers have increasingly focused on these methods in recent years.
An approach by Zhao et al. [43] introduces the Practical Unified Network (PUN), designed
to localise and recognise arbitrary-oriented container codes, integrating detection and classi-
fication within a single framework. This model uses a ResNet18 [7] backbone and demon-
strates superior performance over traditional CNN- and transformer-based methods such as
EAST [44], DETR [45] and ABCv1 [24]. Its end-to-end design provides an efficient so-
lution for static camera settings. However, it is less efficient for mobile cameras which
can operate in a perception-action loop [5] to iteratively select better perspectives for im-
age capturing and, thus, reduce the number of unsuccessful text ID recognition attempts.
Yang et al. [38] focus on real-time processing with a lightweight model based on multi-reuse
feature fusion and a multi-branch structure merger. For this, they optimise detection with
MobileOne blocks [37] and recognition using MobileNetV3-small [13]. Even though they
demonstrate accuracy improvements over YOLOv5 [3] their methodology does not fully
address the challenges involved in the mobile camera-based applications as it treats text
recognition as character detection. Character-level detection, however, is not suitable for
scene-text detection as the text is scattered in the scene image, and there is no prior infor-
mation about their location [18]. While the system is capable of high processing speeds, its
applicability in real-world conditions may be constrained as the evaluation relies on a non-
diverse dataset. Li et al. [23] tackle TU identification as a character detection problem and
introduce ACCR-YOLOv7 incorporating a feature extraction module called G-ELAN and
an improved Efficient Spatial Pyramid Pooling Module. This model reduces computational
complexity by replacing YOLOv7’s ordinary 3x3 convolution with GSconv in the neck.
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In summary, while signi�cant progress has been made for the transportation units (TUs)
identi�cation task, developing robust and adaptable solutions with consistent performance
across diverse operational scenarios, environments and perspectives remains a challenge.
Current systems are unusable with vehicle-mounted cameras as they require TUs to be placed
in a prede�ned area. Although there are a few publicly available datasets such as Ship Con-
tainer Code [12], or Container Number-OCR [20] none of them adopted as a benchmark
dataset due to low diversity they offer. The lack of benchmark datasets hinders the com-
parability of the proposed methods. This leads to very high accuracy values reported for
methods using less complex datasets [23] and low numbers for methods evaluated on com-
plex datasets [36]. Therefore, TRUDI can serve as a benchmark to enhance the comparability
of proposed solutions and facilitate further innovation in TU identi�cation.

3 TRUDI Dataset
To address the lack of publicly available datasets suitable for TU identi�cation using images
from mobile cameras, we collected and annotated a comprehensive and multifaceted dataset
featuring images captured from both aerial and ground-based perspectives. As shown in
Table 1, the dataset comprises 35,034 labelled instances of TUs and their markings, with
an average of approximately 48 instances per image. 17,604 instances were collected from
ground perspective through various devices, including smartphones, digital single-lens re�ex
cameras (DSLR), and camera-equipped vehicles such as terminal trucks and RSs. These
images were captured during the vehicle's active use in port operations. The remaining
17,430 instances were captured by UAVs using models like the DJI Mavic Pro 3, DJI Mini
2, and DJI Air 32. Sample images from the TRUDI dataset are shown in Figure 1 from both
ground and aerial perspective.

The images in TRUDI cover a wide range of perspectives, zoom levels, resolutions, and
image qualities, which provides a diverse dataset for object detection, instance segmenta-
tion, logo detection, text detection, text recognition and text spotting. This diversity enables
trained models to handle real-world scenarios by improving their robustness and generalisa-
tion capabilities. The objects are labelled as masks belonging to one of the �ve classes dur-
ing the annotation process. Three of these classes represent common TU types (container,
trailer, tank_container), while the TU markings are represented by two classes (id_text,
logo). Not all TU masks have associated markings due to occlusions or large distances that
make IDs undetectable and illegible.

The number of instances is shown in Table 2. All annotators and reviewers who check
the quality of the annotations have been provided with comprehensive guidelines to avoid
any inconsistencies in annotations that negatively affect the reliability of models [21]. These
guidelines outline the annotation process and provide clear de�nitions for classes of interest
and edge cases such as occlusions or damaged and illegible markings3.

To ensure environmental and temporal diversity, the images in TRUDI were collected
over an 18-month period across different countries, at various times of the day, including
daytimes, dusk, and night, as well as during different seasons. Furthermore, the images were
taken under various weather conditions, ranging from sunny and partly cloudy to overcast,
rainy, and snowy. UAVs were operated at various altitudes ranging from 3 to 120 m, with
an average �ight altitude of approximately 30 m, to represent different scenarios suitable for

2dji.com
3Further details about the dataset can be found in the supplementary material.
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Figure 1: Sample images from the TRUDI dataset showing ground and aerial perspectives.

Table 1: Dataset statistics per perspective and subset. The combined set contains the images
from both aerial and ground perspectives.

Perspective Subset # Images # Instances Avg. Instances Median Instances

Training 231 9864 42.70 24.0
Aerial Validation 77 3869 50.25 24.0

Test 75 3697 49.29 23.0

Training 210 9942 47.34 15.0
Ground Validation 70 3663 52.33 17.0

Test 70 3999 57.13 21.5

Training 441 19806 44.91 20.0
Combined Validation 147 7532 51.24 23.0

Test 145 7696 53.08 22.0

Total 733 35034 47.80 21.0

Table 2: Class-wise instance count and size categories following COCO style [19] (px).
Category # Instances Small (area< 322) Medium Large (962 < area)

Container 11109 913 4868 5328
Tank Container 808 65 351 392
Trailer 2780 67 455 2258
ID Text 14009 9245 3433 1331
Logo 6328 2096 2361 1871




