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ABSTRACT

The rapid growth of freight transport in Brazil has increased the
demand for intelligent tax auditing tools capable of handling high-
volume, real-time data. This paper presents the integration of three
computer vision modules into CACTO, a large-scale monitoring
platform used by the State Treasury Secretariat of Paraiba (SEFAZ-
PB). The modules address key inspection tasks: vehicle re-identifi-
cation and multi-camera tracking, direction recognition and route
monitoring, and open-truck cargo detection. By combining dis-
tributed architectures with scalable machine learning pipelines, the
system enhances proactive and evidence-based auditing, supporting
fiscal enforcement and reducing vulnerabilities to tax evasion.
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1 INTRODUCTION

The exponential growth of e-commerce and logistics has intensified
freight traffic on highways, generating massive, high-speed data
flows from hundreds of road sensors and vehicles, for example via
truck-mounted cameras. Real-time monitoring of this data demands
software architectures that are robust, scalable, and low-latency.
Without such capabilities, fiscal authorities face vulnerabilities to
tax evasion and lose the ability to perform proactive inspection.
To address this problem, the State Treasury Department of Paraiba
(SEFAZ-PB) developed CACTO (Control and Accompaniment of
Goods in Transit On-line), a distributed monitoring platform that
integrates microservices, data pipelines, and machine learning com-
ponents to automate inspection tasks and support fiscal enforce-
ment. By leveraging real-time analytics, the system enhances the
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capacity of tax authorities to detect irregularities and maintain
transparency.

This article highlights three artificial intelligence (AI) modules:
vehicle re-identification and multi-camera tracking, direction recog-
nition and route monitoring, and open-truck cargo detection. We
focus on the design choices and architectural patterns that enable
these capabilities in a big data environment. Al plays a central role
in preserving vehicle identity even with obscured plates, classify-
ing orientation and inferring direction, and identifying undeclared
cargo by cross-referencing images with manifests. We conclude by
discussing methodologies, datasets, performance results, and the
system’s contributions, along with its potential for future expan-
sion.

It is important to note that broader effectiveness indicators, such
as infrastructure metrics and operational impact, could not be ob-
tained at this stage. Collecting and analyzing such data remain open
directions for future work, offering opportunities to further validate
scalability and long-term fiscal contributions. While related studies
exist in areas such as vehicle re-identification [2], our focus lies in
integrating multiple modules into a single solution tailored to this
fiscal auditing context.

2 CACTO

CACTO is a web-based system developed to modernize tax au-
diting in the State of Paraiba, Brazil. Its core purpose is to moni-
tor cargo vehicles in real time and detect potential tax irregular-
ities. The platform integrates OCR camera data with electronic
tax documents—NF-e (Nota Fiscal Eletronica, Electronic Invoice),
CT-e (Conhecimento de Transporte Eletronico, Electronic Trans-
port Document), and MDF-e (Manifesto Eletronico de Documentos
Fiscais, Electronic Manifest of Fiscal Documents)—enabling cross-
referencing that generates prioritized alerts and guides auditing
actions with greater precision.

Operating in a big data environment characterized by high vol-
ume, variety, and velocity, CACTO continuously processes thou-
sands of records. Its infrastructure ensures real-time processing,



WFA’2025, Rio de Janeiro/R], Brasil

traceability, and scalability, supporting both reactive monitoring
and preventive action through automated alerts.

The system also leverages artificial intelligence to track vehi-
cles across multiple cameras, analyze orientations and routes, and
detect undeclared cargo, all by processing large volumes of image
data with deep learning models through distributed and scalable
pipelines. These capabilities enable continuous oversight, predic-
tive route analysis, and targeted inspections, while dashboards
and user interfaces provide auditors with actionable insights for
decision-making.

3 RELATED WORK

Regarding related works, searches were conducted in relevant sci-
entific databases (such as IEEE Xplore, ACM Digital Library, and
Scopus) using terms associated with tax auditing with computer
vision, vehicle re-identification, route monitoring, and cargo de-
tection. However, no projects were identified that present a scope
and application comparable to the present work, particularly in
the context of integrating multiple artificial intelligence modules
into a large-scale tax enforcement platform. Therefore, this study is
considered to make an original contribution to the field by applying
and integrating computer vision techniques in a real-world fiscal
auditing environment.

4 PROPOSED MODULES

The following subsections detail the operational components of
CACTO, including dataset preparation, vehicle re-identification, di-
rection recognition, and cargo detection. Screenshots of the system
interface are included to illustrate the practical deployment of each
module.

4.1 Training and Evaluation Datasets

CACTO integrates image datasets collected from OCR-equipped
roadside cameras in Paraiba, automatically stored in MinlIO, an
open-source, high-performance object storage system compatible
with Amazon S3, together with metadata (timestamp, geolocation,
camera ID, license plate). Within the tool, cargo frames are tagged
as loaded, empty, or undefined (occluded/ambiguous), while orien-
tation samples are categorized as frontal or rear views, with vehicle
class labels (truck, car, motorcycle). For vehicle re-identification,
the system uses pre-training on the VeRI dataset, which contains
37,778 training images and 11,579 test images [4-6], followed by
fine-tuning on 10,000 CACTO-specific images. This process reduces
domain mismatch and improves recognition under Brazilian traffic
conditions. All three computer vision models were trained using an
NVIDIA GeForce RTX 2060 GPU, ensuring feasible training times.

4.2 Vehicle Re-identification and Multi-Camera
Tracking

The baseline for our vehicle re-identification pipeline is FastReID
[2], a PyTorch toolbox offering diverse backbones (ResNet, OS-
Net, transformers) and training strategies (hard-mining triplet loss,
label smoothing, adaptive learning rate). Pre-trained on large bench-
marks, it delivers strong mAP (mean Average Precision) and Rank-1
accuracy and supports easy integration and comparison of custom
modules. FastReID’s highly modular design allows us to plug in
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custom feature extractors or attention modules with minimal code
changes, which is critical when experimenting with domain-tailored
modifications [9]. Additionally, its implementation of various back-
bone architectures and support for multi-domain pre-training en-
ables straightforward selection of the model variant that offers the
best trade-off between inference speed and discriminative power
[7].

Building on these strengths, FastReID applies the same feature
extraction pipeline to both gallery and query images, generating
embeddings—vector representations of image features—that are
compared through similarity measures to rank candidate matches.
To reduce computational cost, we precompute embeddings for the
gallery and only append new images at ingestion (Figure 1). Queries
are then matched against this cached gallery, ensuring consistent
low-latency retrieval even in challenging cases such as missing
license plates (Figure 2).
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Figure 1: Embeddings for existing gallery images are precom-
puted, and only new images are appended at ingestion to
reduce per-query computation.
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Figure 2: Query images are encoded and matched against
cached gallery embeddings, allowing low-latency retrieval
even for challenging cases such as missing license plates.

This design yields a lean, maintainable system with low runtime
overhead under varying loads, reducing CPU processing time from
approximately 12 minutes to around 1 minute. We evaluated our
pipeline on the VeRi benchmark, where it achieved 93.50% Rank-1,
97.08% Rank-5, and 98.51% Rank-10 accuracy, indicating the
probability that the correct vehicle appears among the top 1, top 5,
or top 10 retrieved results, respectively. The model also reached a
mAP (mean Average Precision) of 71.77, mINP (mean Inverse
Negative Penalty) of 30.27, and an overall metric score of 82.64,
confirming the effectiveness of our chosen backbone and training
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strategy. Figure 3 illustrates the CACTO interface, where an alert
image is compared against the gallery and the most similar vehicles
are displayed in ranked order.
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Figure 3: CACTO interface for vehicle re-identification. The
top panel shows the alert image (query), while the bottom
panel displays the most similar matches ranked by the AI
across different cameras.

4.3 Direction Recognition and Route
Monitoring

The module determines each vehicle’s orientation (front or rear)
from frames captured by CACTO’s cameras. In a unified detection
+ OCR pipeline, every vehicle is first localized by an orientation
model, isolating it within its visual context before subsequent pro-
cessing [1].

For each detected vehicle ROI (Region of Interest), a dedicated
YOLOv12n [8] plate-detection model extracts the license-plate re-
gion. That region is then passed to a YOLO-based OCR model which
detects and recognizes alphanumeric characters, sorts them by their
X-coordinate, and reconstructs the full plate string.

The reconstructed plate is compared against a target plate, ac-
cepting either an exact match or at least five identical characters.
If this similarity criterion is met, the system outputs the vehicle’s
orientation (front or rear) with high confidence.

Low-confidence detections or partially recognized plates are
flagged as “undefined” for manual review or enhanced preprocess-
ing. All outputs—orientation, plate text, and frame metadata (times-
tamp, camera ID, geolocation)—are stored in CACTO, enabling
cross-referencing with tracking and cargo data for a comprehen-
sive operational view.

Each image underwent pre-processing that included autoorien-
tation of pixel data (with EXIF-orientation stripping) and resizing
to 640x640 pixels with stretching. To improve generalization, a data
augmentation pipeline was applied, generating three augmented
versions of each source image with random brightness adjustment
(-15% to +15%), exposure adjustment (-10% to +10%), Gaussian blur
(0-4 pixels), and salt-and-pepper noise affecting 0.1% of pixels [3].

The final YOLOv12n orientation model, after training and evalu-
ation, achieved an overall performance of 83.1% precision, 76.7%
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recall, 76.8% mAP @50, and 60.9% mAP@50-95 across all cate-
gories. The dataset, totaling 4,178 images collected from the state’s
surveillance camera network, was split into training (95%, 3,975
images), validation (1%, 53 images), and test (4%, 150 images) sets.
Detected vehicles are shown alongside their estimated routes in
Figure 4. The Al classifies the vehicle’s orientation, and this output
is then cross-referenced with camera metadata to infer the direc-
tion of movement and determine the likely paths. This visualization
allows operators to track possible routes in real time, improving
decision-making in enforcement workflows.

Modulo de Al
»

D) Reldontificacdo de Veiculos 1 do Orientaio () Identificasdo de Orientagso.

Figure 4: Alert screen in CACTO showing a detected vehicle
(top) and the estimated route inferred.

4.4 Open-Truck Cargo Detection

The methodology adopted for detecting cargo in open trucks within
the CACTO system is detailed in this subsection. It addresses the
challenges related to visual ambiguity in the images used, as well as
the processes of image acquisition, class definition and annotation,
dataset cleaning and balancing, and YOLO model training.

The automated detection of cargo in open trucks addresses a
practical demand from the Paraiba State Treasury to optimize in-
spection procedures and regulate cargo transportation on state
highways. The proposed solution consists of a YOLO-based visual
recognition model, capable of quickly and efficiently indicating the
presence of cargo in truck beds, assisting agents in the decision-
making process. One of the main challenges encountered relates
to visual ambiguity in several situations. Trucks with partial loads,
non-commercial cargo, or various objects, such as people in the
truck bed, complicate accurate classification.

Regarding the image acquisition procedure, as previously de-
scribed, the annotation process was carried out using the Roboflow
platform. The dataset, composed of 3,292 images extracted, was
annotated following a standardized procedure that considered the
visual challenges, defining four categories: "Loaded", "Empty", "Null"
(when no truck is present in the image), and "Undefined" (when
the truck bed content cannot be determined). This categorization
ensures annotation consistency and improves the effectiveness of
model training. The image set was split into training (93%, 3,066
images), validation (3%, 111 images), and test (3%, 115 images). For
pre-processing and augmentation, we applied the same procedures
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described in the orientation module. The final YOLOv12n model,
after training and evaluation, achieved an overall accuracy of 86.5%
(mAP@50) and 76.0% (mAP@50-95) across all categories. Class-
wise performance indicates good generalization capacity, with the
“Loaded” class reaching 88.9% mAP @50, “Empty” 82.1%, and “Un-
defined” 88.4%. These results demonstrate the robustness of the
solution in handling heterogeneous scenarios and ensuring reliable
detection to support SEFAZ operations.

Modulo de Al
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Figure 5: Open-truck cargo detection alerts estimated screen,
indicating whether the truck is Loaded, Empty, or Undefined.

5 CONCLUSION

The development of the CACTO system represents a major step
forward in the tax auditing practices adopted by SEFAZ-PB. Con-
ceived as a robust and scalable solution, CACTO integrates modern
technologies for data capture, processing, and real-time analysis,
enabling both preventive and reactive actions against tax evasion.
Its modular architecture, event-driven infrastructure, and data-
intensive processing capabilities ensure that fiscal oversight is both
reliable and adaptive to the demands of large-scale, high-velocity
environments. Moreover, the system is developed under an Internal
Use License, ensuring its deployment and operation are exclusively
for governmental fiscal purposes.

Above all, the system’s intelligence is consolidated in its three
Al-driven modules: the vehicle re-identification and multi-camera
tracking service, which ensures persistent monitoring even when
license plates are obscured; the trajectory and direction analysis
pipeline, which fuses visual orientation with geospatial data to
predict travel routes and enable proactive inspections; and the open-
truck cargo detection module, which verifies cargo presence against
fiscal manifests, closing a critical loophole in freight transparency.
Together, these components transform raw surveillance data into
actionable intelligence, granting auditors greater agility, evidence-
driven decision-making, and the capacity to act preventively against
irregularities.

As summarized in Table 1, the performance metrics achieved by
these modules confirm the effectiveness of the proposed approach,
balancing accuracy and efficiency in real-world operational sce-
narios. These results provide not only empirical validation of the
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system’s capabilities but also reinforce its potential as a reference
model for large-scale, Al-powered fiscal monitoring.

By combining advanced Al with a modernized fiscal infrastruc-
ture, CACTO establishes itself not only as a strategic tool in the
fight against tax evasion and revenue loss but also as a reference
model for data-driven public initiatives in real-time monitoring and
fraud prevention.

Table 1: Performance Metrics of the CACTO Computer Vision
Modules

Module Metrics / Dataset

Rank-1: 93.50; Rank-5: 97.08;
Rank-10: 98.51; mAP@50: 71.77;
Dataset: VeRI (37,778 train, 11,579
test) + 10,000 CACTO images;
Additional: mINP=30.27, Score=82.64,
Runtime|12—1 min

mAP@50: 76.8; mAP@50-95: 60.9;
Precision / Recall: Prec=83.1 /
Rec=76.7; Dataset: 4,178 CACTO im-
ages

mAP@50: 86.5; mAP@50-95: 76.0;

Precision / Recall: Prec=79.1 /
Rec=81.5; Dataset: 3,292 CACTO

Vehicle Re-identification

Vehicle Orientation

Open-Truck Cargo Detection

images;  Additional: mAP@50
Loaded=88.9, Empty=82.1, Unde-
fined=88.4
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