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Abstract

CableDex is a computer vision system that addresses the time-
consuming and inaccurate manual measurement of cable length on
industrial reels from a single photograph captured with a mobile
phone. The system combines camera calibration, instance segmen-
tation, pose estimation, and volumetric calculation to estimate the
cable length across five different reel types and various cable sizes.
This system is based on an instance segmentation model trained on
1,000 manually annotated images, achieving 99.5% mAP50 with an
inference time of 5.66 ms per image. Evaluated on 75 reels across
five reel types, the system achieves a MAPE of 4.90%, within the
10% error tolerance commonly accepted in industrial cable-reel
measurement. The demonstration presents the end-to-end pipeline,
from reel label scanning and image capture to segmentation and
length estimation, through the mobile application.
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1 Introduction

The estimation of the length of a cable on industrial reels is a
relevant problem in manufacturing environments. When cable is
removed from a reel, operators cannot quickly determine the re-
maining length without specialized equipment or by completely
unwinding it, making existing approaches either time-consuming
or reliant on weight-based estimation. To address this problem,
we introduce CableDex, a computer vision system capable of es-
timating cable length from a single photograph acquired using
hand-held devices. The first module delineates the reel and cable
regions through an instance segmentation model. Then, a geomet-
ric information module estimates the intrinsic parameters of the
camera by exploiting the known reel dimensions. Subsequently, the
combination of these two modules allows recovering the pose of
the reel in 3D space. Finally, the volumetric module estimates the
volume occupied by the cable and the cable length is obtained by a
volume/length ratio determined by the cable specifications.

2 System

CableDex follows a client-server architecture consisting of three
components: a Flutter [2] mobile application, a Python/FastAPI [5]
backend server, and an external API for cable specifications and
calibration data. The application handles image capture, reel label
scanning, and result visualization, while the computationally in-
tensive processing runs on the backend. The backend receives the
photograph along with the camera calibration parameters and reel
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Figure 1: CableDex system pipeline: the input reel image is
processed through instance segmentation and corner points
extraction, combined with the camera intrinsic parameters
for pose estimation and volume calculation, returning the
estimated cable length.
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identification data obtained from the reel label scan, executes the
computer vision pipeline, and returns the estimated cable length.
The system pipeline is shown in Figure 1.

2.1 Camera Calibration

Camera calibration estimates the intrinsic matrix K using Zhang’s
algorithm [6], which can recover intrinsic parameters using only
photographs of a flat pattern without specialized equipment. A
centralized database stores calibration parameters organized by
smartphone model, eliminating the need for repeated calibration.
When a device is not registered, the user records a five-second video
of a chessboard pattern (11X7 internal corners), from which the
backend extracts frames, detects corners with sub-pixel refinement,
and computes the intrinsic matrix K. The resulting parameters are
stored both locally and in the database, making them available to
other users of the same device model.

2.2 Instance Segmentation

A YOLO11s model [4] segments the reel and cable regions, pro-
ducing binary masks Byeel and Beaple, trained on 1,000 manually
annotated images covering five reel types in vertical and horizontal
orientations, annotated in Roboflow [1] using polygon segmen-
tation, with data augmentation increasing the training set from
1,000 to 3,000 images. Only detections with confidence above 0.85
are accepted, with the reel and cable closest to the image center
selected, achieving 99.5% mAP50 and 99.48% mAP50-95 with an
inference time of 5.66 ms per image.

2.3 Pose Estimation and Volume Calculation

For the reel, the four extreme pixels of the segmentation mask
are selected as the corner points. For the cable, each corner is
determined as the closest pixel in Bcaple to the corresponding reel
corner. The reel corners and their known 3D coordinates feed the
Perspective-n-Point (PnP) algorithm, recovering the rotation matrix
R and translation vector t. The cable corners are then back-projected
into 3D world coordinates, from which the upper radius r;, lower
radius rz, and height h of the cable region are determined. The cable
volume is estimated using the truncated cone formula:

h
Vcable:?(712+r1r2+r§)x(l_a) (l)

where @ = 1 — § =~ 0.215 accounts for the air fraction between
circular cable turns. The cable length is then obtained by dividing
Veable by the cable cross-section retrieved from the reel label.

3 Demonstration

The video starts with the mobile application loading screen, where
the system automatically retrieves the camera calibration param-
eters for the device. The user then scans the reel label to obtain
the reel details, which are used to retrieve the cable specifications
from the product database. A photograph of the reel is captured
and sent to the backend server, which segments the reel and cable
regions, extracts the four corner points of each region (reel and
cable), estimates the camera pose, and returns the estimated cable
length. The result is displayed on the reel details screen, showing
the reel description, identifier, estimated length, cross-section, and
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cable color. The user can then add the reel to the inventory, which
stores the last 100 measured reels and can be exported as a CSV
file.

4 Experiments

4.1 Instance Segmentation

Four YOLO11 [4] variants and Mask R-CNN [3] were evaluated
for instance segmentation (Table 1). YOLO11s was selected for its
balance between accuracy and speed, achieving 99.5% mAP50 and
99.48% mAP50-95 with an inference time of 5.66 ms per image, six
times faster than Mask R-CNN while offering comparable accuracy.

Table 1: Instance segmentation models comparison.

Model mAP50 (%) mAP50-95 (%) Train (min) Infer (ms)
YOLO11s 99.5 99.48 52.9 5.66
YOLO11m 99.5 99.50 104.3 11.01
YOLO11l 99.5 99.50 117.7 13.35
YOLO11x 99.5 99.50 208.6 24.88
Mask R-CNN 100.0 99.78 369.0 33.57

4.2 Cable Length Estimation

The system was evaluated on 75 reels across five reel types, with 15
tests per type, achieving an overall Mean Absolute Percentage Error
(MAPE) of 4.90%, within the 10% error tolerance commonly accepted
in industrial cable-reel measurement. All tests were conducted on-
site at COFICAB Portugal’s facilities under standard factory lighting
conditions, with the complete process, from reel label scanning to
the display of the estimated cable length. Table 2 reports the MAPE
per reel type. The results show no correlation between reel size
and estimation accuracy, suggesting that the main sources of error
are not associated with reel dimensions but rather with image
acquisition conditions, segmentation quality, or cable thickness.

Table 2: MAPE per reel type.

Reel Type MAPE (%)

NPS150 3.92
NPS250 6.03
NPS400 4.52
D600 4.22
D800 5.83
Average 4.90

5 Conclusion

CableDex is a computer vision system for estimating the cable
length on industrial reels from a single photograph using hand-
held devices. The system combines camera calibration, instance
segmentation, pose estimation, and volumetric calculation, achiev-
ing a MAPE of 4.90% across five reel types, within the 10% error
tolerance commonly accepted in industrial cable-reel measurement.
These results allow replacing manual and weight-based measure-
ment approaches, representing a clear asset for manufacturing envi-
ronments. Nevertheless, it should be noted that the truncated cone
approximation assumes a regular winding pattern, and loosely or ir-
regularly wound cable may deviate from this assumption, affecting
estimation accuracy.
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