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Abstract

Top-loading smart vending cabinets require precise transaction-level product detection
under strict hardware and deployment constraints. In this paper, “sensorless” refers specifi-
cally to the absence of auxiliary product-level sensing hardware, such as RFID tags, weight
sensors, shelf load cells, or product-slot instrumentation; the system still uses two camera
sensors. Conventional snapshot-difference methods compare only a small number of frames
at the beginning and end of a transaction and therefore cannot explicitly represent interme-
diate product motion, such as pickup, return, inspection, occlusion, and shelf resettling.
This paper proposes ZAB-Fusion, a dual-camera edge sensing framework with zone-aware
multi-object tracking for sensorless smart vending cabinets. The framework combines
a YOLO11-seg and RT-DETR detection ensemble with ByteTrack temporal association,
projects product tracks into a three-zone vertical cabinet model, interprets compressed zone
sequences using a finite-state event classifier, and integrates camera-specific event streams
through an evidence-gated cross-camera fusion rule. The proposed method was evaluated
on 220 in-service vending transactions containing 227 ground-truth TAKEN events and
87 RETURNED events across seven product classes. Compared with the snapshot-
difference baseline, ZAB-Fusion improved recall from 0.665 to 0.925 and F1-score from
0.780 to 0.944, while maintaining a high precision of 0.963. At the transaction level, exact
receipt accuracy increased from 0.645 to 0.900. Runtime analysis on an Intel N100 CPU-only
edge device showed an average processing latency of 562 ms per transaction under the
selected-frame inference protocol. The zone classification, finite-state event interpretation,
and evidence-gated cross-camera fusion stages required only 3 ms in total. These results
demonstrate that explicit motion semantics and auditable cross-camera evidence gating can
improve sensorless retail transaction level recognition in sensorless smart vending cabinets
without adding auxiliary product-level sensing hardware.
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1. Introduction
Smart vending cabinets, smart refrigerators, and cashierless micro-stores are examples

of unattended retail systems that are becoming more significant in contemporary urban
commerce. Thanks to these technologies, operators may provide 24/7 product access with
minimal labor, and customers can perform purchases using QR codes, NFC cards, or mobile
applications. However, in small refrigerated cabinets where product exchanges are quick,
visually congested, and frequently obstructed by the customer’s hand or arm, reliable
automatic invoicing remains a significant technical challenge [1,2].

From the perspective of embedded electronics and edge AI, a top-loading smart
vending machine is an illustration of a limited vision-based sensor platform. The system is
meant to infer the customer’s final receipt from a few low-cost cameras, a small amount of
edge computer hardware, and short transaction videos. Examples of additional sensing
infrastructure that is not available in many real-world applications include weight sensors,
RFID tags, shelf-level load cells, or item-specific slots because of higher hardware costs,
maintenance complexity, and deployment constraints. Therefore, the charging decision
may only be based on visual data from the cameras located inside the cabinet [3–6]. One
common production-level solution to this problem is a snapshot-difference technique. At
the beginning and end of the transaction, this approach applies a product detector to one
or more frames. The difference between the detected product groupings is then used to
determine the customer’s basket. This method is computationally appealing because it
does not require temporal modeling and only needs frame-level detection. However, it
has a structural limitation in that it is blind to any product motion that occurs between the
first and last observation windows. As a result, actions related to product pickup, return,
inspection, partial lifting, temporary occlusion, or shelf re-settling may be misunderstood
or completely ignored [7–12].

In this paper, we refer to this family of endpoint-only failures as the phantom-VETO
problem. The term describes situations in which the initial and end shelf states seem
visually acceptable yet the intermediate product motion provides important transaction
evidence. For example, in the in-service transaction WZ1776169039764, the snapshot-
difference baseline detected only one clearly distinguishable product while missing two
ground-truth pickups, a Snickers 80 g bar and a Moxito 0.5 L bottle. This demonstrates
that the limitation is both a decision-level and a detector-level problem due to the absence
of motion semantics in the billing logic. In this paper, the term “sensorless” is used in a
product-level sensing context. It does not mean that the system has no sensors at all. Rather,
it means that the cabinet does not use auxiliary product-level sensing hardware, such as
RFID tags, weight sensors, shelf load cells, product-slot instrumentation, or item-specific
sensors. The proposed system still relies on two camera sensors installed inside the cabinet,
and all transaction decisions are inferred from these two asynchronous video streams.

To overcome this limitation, we propose ZAB-Fusion, a zone-aware multi-object tracking
and evidence-gated cross-camera fusion framework for smart vending cabinets. Instead of
comparing only the beginning and ending frames, the proposed method continuously tracks
detected products throughout the transaction video. Each product track is projected into a
three-zone vertical cabinet model with SHELF, MIDDLE, and EXIT regions. The resulting
zone sequence is compressed and interpreted by a finite-state event classifier, which assigns
each track to one of five event types: TAKEN, RETURNED, INSPECTED, UNKNOWN, or
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SPURIOUS. The event streams from the two asynchronous cameras are then combined using
evidence-gated cross-camera fusion to generate an auditable product-level receipt.

The proposed architecture is designed for the practical geometry of a two-camera top-
loading cabinet. Camera 0 provides a near-perpendicular view of the shelf, whereas Camera
1 is positioned with an approximately 45◦ convergent view. Because the two cameras are
asynchronous and the narrow baseline is not suitable for reliable stereo reconstruction, the
system does not perform disparity-based 3D estimation. Instead, each camera is treated as
an independent visual witness, and fusion is performed at the symbolic event level. Our
method makes the system transparent, computationally light, and auditable in contrast
to learned black-box aggregation techniques. The main argument of ZAB-Fusion is that
product-level billing is not merely a static object identification problem. The conclusive
evidence in a smart vending cabinet is often found in the product’s trajectory rather than the
product’s presence or absence in a single frame. The suggested approach may differentiate
between taken, returned, inspected, unknown, and spurious product tracks by explicitly
modeling these motion patterns.

The main contributions of this paper are summarized as follows:

• A sensorless edge-AI formulation is presented for transaction-level product recognition in
top-loading smart vending cabinets, where “sensorless” refers to the absence of auxiliary
product-level sensors such as RFID tags, weight sensors, and shelf-level load cells.

• The phantom-VETO failure mode of snapshot-difference retail vision is identified and
analyzed using real in-service smart vending transactions.

• ZAB-Fusion is proposed as a zone-aware tracking framework that combines YOLO11-
seg and RT-DETR detection, ByteTrack temporal association, finite-state event inter-
pretation, and evidence-gated cross-camera fusion.

• An asymmetric camera-specific zone calibration strategy is introduced for convergent
two-camera cabinet geometry.

• An auditable evidence-gated cross-camera fusion rule is defined to distinguish con-
firmed two-camera evidence, admitted single-camera TAKEN evidence, UNKNOWN-
supported evidence, and rejected ambiguous evidence.

• A CPU-only edge deployment analysis is provided on Intel N100 hardware under a
selected-frame inference protocol, showing that the symbolic reasoning stages intro-
duce minimal computational overhead compared with detector inference.

The proposed method was evaluated on 220 real in-service transactions collected
from a deployed smart vending cabinet. The evaluation set contains 227 ground-truth
TAKEN events and 87 RETURNED events across seven product classes. Compared with the
snapshot-difference baseline, ZAB-Fusion improved recall from 0.665 to 0.925 and F1-score
from 0.780 to 0.944, while maintaining high precision of 0.963. At the transaction level,
exact receipt accuracy increased from 0.645 to 0.900. Runtime analysis on an Intel N100
CPU-only edge device showed an average processing latency of 562 ms per transaction
under the selected-frame inference protocol.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 introduces the system architecture and problem formulation. Section 4 presents
the proposed ZAB-Fusion framework. Section 5 describes the experimental setup, dataset,
annotation protocol, implementation details, and evaluation metrics. Section 6 reports the
experimental results, ablation studies, runtime analysis, diagnostic evaluation, limitations,
and threats to validity. Section 7 concludes the paper and outlines future research directions.

2. Related Works
The intended effort is related to two primary research directions. The first method

concentrates on vision-based retail product recognition, smart checkout, embedded product
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sensing, and object detection. The second path includes multi-object tracking, multi-camera
fusion, trajectory interpretation, and event-level reasoning. This section reviews these two
sets of investigations and places the proposed ZAB-Fusion framework in connection to them.

2.1. Vision-Based Retail Product Recognition and Embedded Detection Systems

Research interest in vision-based retail automation has increased due to the growing
demand for intelligent shelves, cashierless checkout systems, smart vending cabinets, and
unattended micro-stores. These systems’ main goal is to infer customer–product interac-
tions from images or videos and convert them into a transaction-level decision. While
earlier research mostly addressed product recognition as a static photo classification or
item detection problem, more recent studies have looked at fine-grained SKU recognition,
dense shelf detection, and checkout-scene understanding. Wei et al. introduced the Re-
tail Product Checkout (RPC) dataset, which is one of the most widely used benchmarks
for automated checkout [13]. Their study showed that retail product recognition is chal-
lenging in large-scale, physically identical, and often updated product categories. RPC
mostly focuses on checkout images, as opposed to transaction-level motion reasoning in a
top-loading smart vending cabinet. Goldman et al. [14] suggested the SKU-110K dataset
to study accurate object recognition in cluttered store shelves. Their work directly ad-
dresses the problem of identifying many visually similar objects placed close to one another.
Nevertheless, SKU-110K is effectively a static shelf-detection benchmark since it does not
model whether a product was taken, returned, or inspected during a consumer contact.
Bai et al. [15] introduced Products-10K, a large-scale product recognition dataset with
10,000 fine-grained SKU-level product classifications. The difficulty of finding visually
similar commercial products at the SKU level was highlighted by their research, and
this is relevant to smart vending cabinets as well. However, similarly to RPC and SKU-
110K, Products-10K is primarily designed for product recognition rather than video-based
product-event reasoning. Jund et al. [16] suggested the Freiburg Groceries Dataset for
supermarket product detection and robotic perception. Despite being smaller than later
retail datasets, this dataset contributed to the development of visual grocery recognition
algorithms. George and Floerkemeier [17] investigated product recognition in retail en-
vironments using a per-exemplar multi-label classification approach and showed how
automated retail operations may be made possible by fine-grained product recognition.
Merler et al. [18] also studied supermarket product recognition using in vitro training data
and in situ testing, emphasizing the difficulty of detecting real retail products in changing
visual settings.

Deep learning-based object detection is the main technical foundation for modern
retail product recognition. Tojiyev et al. created Faster R-CNN, which introduced region
proposal networks and evolved into a potent two-stage detection framework [19]. Faster
R-CNN and related two-stage detectors provide excellent accuracy, but their computational
cost may be prohibitive for low-power embedded systems. Redmon et al. [20] introduced
YOLO, which reformulated object detection as a single-stage regression problem to enable
real-time identification. Later YOLO-family algorithms were widely used in embedded vi-
sion because of their advantageous speed–accuracy trade-off. Lin et al. [21] proposed Focal
Loss and the RetinaNet detector to address foreground–background imbalance in dense de-
tection. This idea is applicable to store shelves since things may be packed closely together
and little items may be overshadowed by background and eye-catching items. Tagmatova
et al. initially introduced Mask R-CNN, which combined instance segmentation with Faster
R-CNN [22]. Segmentation-based output is useful in retail settings since product bound-
aries may provide more precise evidence than bounding boxes alone. Transformer-based
detectors have also had an impact on modern object detection. Lolaev et al. presented
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DETR, an end-to-end item identification system based on transformers and set predic-
tion [23]. DETR removed the need for manually constructed post-processing and enhanced
object detection using global logic. However, the original DETR is computationally in-
tensive and not directly suitable for CPU-only smart vending machine implementation.
Subsequently, Zhao et al. [24] introduced RT-DETR, a real-time detection transformer that
improves the application of transformer-based detection. RT-DETR is relevant to this work
because it provides complementary detection behavior to YOLO-based models, especially
in cluttered and small-object environments. Numerous review and application studies
have brought attention to the difficulty of retail product recognition. Wei et al. [25] listed
challenges such as dense product placement, fine-grained SKU classification, and changing
product catalogs in their evaluation of deep learning methods for retail product recognition.
In their investigation of SKU recognition in smart retail settings, Wang et al. [26] demon-
strated that robust classification and feature representation are still crucial for workable
checkout systems.

Despite these developments, most of the object identification and product recognition
methods are still frame-level algorithms. They can recognize or classify products in individ-
ual images, but they cannot determine whether an object was taken, turned over, inspected,
or just briefly moved. This restriction is essential in smart vending cabinets. A missing
detection in the final frame may lead to an inaccurate charging decision, and a purchase
event may not always be associated with a visually correct detection in one frame.

The aforementioned research provides important foundations for visual retail automation;
however, it does not fully address the problem this study attempts to answer. The proposed
ZAB-Fusion system does not aim to create a new detector or a new retail dataset. Instead, it
focuses on employing detector outputs as low-level proof to convert frame-level observations
into auditable transaction-level events. This is especially important for sensorless top-loading
vending cabinets that do not have RFID tags, weight sensors, or shelf load cells.

2.2. Multi-Object Tracking, Event Reasoning, and Multi-Camera Fusion

The second group of related studies focuses on temporal association, trajectory in-
terpretation, and multi-camera decision fusion. Because product-level billing in a smart
vending cabinet is both a detection and a motion-understanding problem, these methods
are necessary. Payment should only be made when a product’s trajectory indicates that
it was removed from the cabinet. Kalman [27] created the Kalman filter, which is still an
essential technique for motion prediction in tracking systems. Kuhn [28] introduced the
Hungarian algorithm, which is widely used for optimal assignment in data association.
These two conventional methods serve as the foundation for many tracking-by-detection
pipelines, which link object detections across frames to generate trajectories. SORT, a simple
online tracking method based on Hungarian assignment and Kalman filtering, was first
presented by Bewley et al. [29]. SORT demonstrated that high tracking speed can result
from a lightweight association strategy. However, because SORT does not use appearance
information, it could be impacted by occlusion or visual ambiguity. An expansion of
SORT put forth by Wojke et al. [30] is Deep SORT, which incorporates a deep appearance
descriptor for data association. As a result, identity preservation is improved for longer
periods of time and there are fewer identity transfers. Zhang et al. [31] introduced Fair-
MOT, a framework that simultaneously optimizes object detection and re-identification.
In multi-object tracking, FairMOT illustrated the necessity of striking a balance between
identity representation and detection. However, for edge vending machines that only use
CPUs, joint detection-and-reidentification techniques might be computationally expensive.
Zhang et al. proposed ByteTrack, which associates almost all detection boxes, including
low-confidence detections, rather than rejecting them early [32]. This is particularly useful
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in cluttered and blocked situations, since low-confidence detections may correlate to actual
items that are partially covered by hand or other objects.

More recent tracking studies have greatly improved robustness under occlusion and
non-linear motion. Aharon et al. proposed BoT-SORT, which enhances tracking robustness
by combining motion and appearance signals [33]. Cao initially introduced OC-SORT,
an observation-centric tracker designed to improve robustness under non-linear motion
and occlusion [34]. Maggiolino et al. suggested Deep OC-SORT [35], which combines
observation-centric tracking with adaptive appearance-based association. These methods
improve multi-object tracking performance overall, but they still produce trajectories
rather than transaction-level product events. Thus, multi-object tracking alone is not
enough for smart vending billing. A tracker can show where a product is moving, but it
cannot determine whether that movement indicates a purchase, a return, an inspection,
or a false positive. Thus, tracking must come before semantic trajectory interpretation.
Trajectory-based and zone-based event reasoning have been widely used in human–object
interaction analysis, traffic monitoring, people counting, and surveillance. Bernardin and
Stiefelhagen [36] developed the CLEAR MOT measurements, which helped standardize
tracking system evaluation and illustrated the need for event-level interpretation in multi-
object situations. While Milan et al. [37] presented the MOT16 benchmark for multi-object
tracking, Dendorfer et al. [38] suggested MOT20 for congested tracking situations. These
criteria are helpful for evaluating identity retention and localization, but they do not address
domain-specific event interpretation in retail billing.

The interpretability of zone-based reasoning makes it attractive in smart-shelf and
retail environments. The symbolic sequence that arises from mapping a product track
to locations like shelf, middle, and exit can be interpreted using finite-state principles.
Unlike black-box video classifiers, this type of reasoning allows for the examination of
every decision. For example, a shift from shelf to middle to exit can be classified as a
product removal, while a shift from shelf to middle and back to shelf can be classified as a
returned product. Multi-camera fusion is another important field of research. Multi-camera
systems have extra challenges with camera calibration, synchronization, and cross-view
association, even though they can reduce viewpoint ambiguity and occlusion. Stereo
reconstruction is challenging in small smart vending cabinets due to the limited baseline,
potentially asynchronous cameras, and hand occlusion, condensation, and reflections that
deteriorate visual correspondences. As a result, event-level fusion may be more useful than
3D geometric fusion or pixel-level fusion.

The proposed ZAB-Fusion framework is at the center of these investigations. Although
it uses ByteTrack for temporal association, it does not stop at trajectory generation. A finite-
state event interpreter is utilized to classify the output, each product track is mapped into a
three-zone cabinet model, the zone sequence is compressed, and the two camera-specific
event streams are combined using evidence-gated cross-camera fusion. The outcome is an
auditable receipt-level decision instead of a collection of trajectories, which sets it apart
from conventional multi-object tracking methods.

Unlike previous product identification datasets and object detection algorithms, ZAB-
Fusion prioritizes decision-level reliability. Unlike general multi-object tracking methods,
it introduces domain-specific event semantics. Unlike learning multi-camera fusion, it
uses an interpretable rule-based event-fusion technique suitable for commercial invoicing.
Therefore, this work’s primary contribution is a transaction-level reasoning framework for
sensorless smart vending networks rather than a novel detector or tracker.
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3. System Architecture and Problem Formulation
The system-level architecture of the suggested smart vending transaction recognition

framework is explained in this section. The top-loading refrigerated vending cabinet’s
hardware configuration is first described. Next, a formal definition of the video-based
transaction recognition problem is given. Lastly, the constraints of the phantom-VETO
failure mode and the snapshot-difference baseline are described.

3.1. Smart Vending Cabinet Hardware Configuration

A top-loading refrigerated smart vending cabinet intended for unattended retail
operation is the target platform. Using a QR code, NFC card, or smartphone app, a
consumer unlocks the cabinet, opens the lid, interacts with the merchandise, and then
shuts the lid to complete the transaction. The system must identify the products that
were taken and produce the final product-level receipt once the lid is closed. The cabinet
is purposefully sensorless from the standpoint of product recognition. Weight sensors,
shelf load cells, product-slot instrumentation, and item-level RFID tags are not used. As
a result, all transaction decisions must be made based on visual data that the cameras
inside the cabinet have recorded. Because more sensors raise hardware costs, installation
complexity, maintenance effort, and calibration needs, this limitation is crucial for practical
implementation. Two cameras are installed beneath the lid of the cabinet. While Camera 1
is positioned with an approximately 45◦convergent oblique perspective, Camera 0 offers a
nearly perpendicular top-down view of the product shelf. The two cameras are separated
by a horizontal baseline of 235 mm. Both cameras record at about 29 frames per second
with a native resolution of 1280 × 720 pixels. Nevertheless, there is no presumption
of frame-level synchronization because the two video streams are asynchronous. This
geometry motivates event-level fusion instead of stereo-level fusion by defining Camera 0
as a perpendicular view and Camera 1 as a 45◦ convergent view with a 235 mm baseline.

Figure 1 shows the cabinet’s hardware arrangement. The two cameras are regarded as
separate visual observers of the same transaction. The system does not estimate depth using
disparity because reliable stereo reconstruction is challenging due to the limited baseline, con-
vergent geometry, hand occlusions, reflections, and condensation. Rather, each video stream
is analyzed separately, and at the event-decision level, the outcomes are then combined.

Figure 1. Hardware configuration of the top-loading smart vending cabinet.

This geometry motivates event-level fusion rather than stereo-level fusion because Cam-
era 0 provides a near-perpendicular view, Camera 1 provides an approximately 45◦ convergent
view, and the two asynchronous streams do not provide reliable conditions for disparity-
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based depth estimation. There is a 235 mm baseline between the two cameras. All transaction
decisions must be deduced from the two asynchronous video streams since the system does
not use RFID tags, weight sensors, shelf load cells, or product-slot instrumentation. To create
a uniform coordinate standard, every video frame is 180◦ rotated before processing. The
departure direction appears at the bottom of the rotated frame, whereas the shelf region
looks close to the top. Y is a vertical coordinate that rises downward. Zone-based motion
interpretation subsequently makes use of this coordinate standard.

3.2. Video-Based Transaction Recognition Problem

The goal of the system is to infer the set of products taken by the customer during a
transaction. Let the two asynchronous video streams be denoted by V0 = {f0

1, f0
2, . . ., f0

N}
and V1 = {f1

1, f1
2, . . ., f1

M}, where V0 and V1 are the video streams captured by Camera
0 and Camera 1, respectively; fi

t denotes the t-th frame from camera i; and N and M
are the numbers of frames in the two streams. Since the cameras are asynchronous, N
and M may differ, and a direct correspondence between f0

t and f1
t is not required. Let

the product catalogue be represented by C = {c1, c2, . . ., cK}, where each ck denotes one
product class. In the evaluated cabinet, the catalogue contains seven product classes:
18 + 0.45 L, Chortoq 0.5 L, Fanta 0.5 L, Moxito 0.5 L, Snickers 80 g, Super Kontik 100 g, and
Twix 75 g. The desired output is a transaction-level receipt: R = {(c, qc)|c ∈ C, qc ∈ N0},
where qc is the estimated quantity of product class c taken by the customer. A product
must be counted if it is removed from the cabinet. However, it must not be counted if it
is only inspected, partially lifted, shifted on the shelf, temporarily occluded, or returned
before the transaction ends.

The overall input-output formulation is shown in Figure 2. The key point is that the
final receipt is not a direct object detection result. It is a transaction-level decision derived
from temporal product evidence.

Figure 2. Video-based transaction recognition problem formulation.

The system receives two asynchronous video streams, V0 and V1, from Camera 0
and Camera 1. For each stream, frame-level product detections are associated over time
to form object tracks. These tracks are then converted into semantic product events such
as TAKEN, RETURNED, INSPECTED, UNKNOWN, or SPURIOUS. The final output is a
product-level receipt R = {c, qc}, which contains the estimated product class and quantity
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taken by the customer. This formulation demonstrates that the task is not merely an
object detection problem. A detector can identify products in individual frames, but it
cannot directly determine whether a detected product was taken, returned, inspected, or
only temporarily moved. Therefore, transaction recognition requires temporal association
and semantic interpretation of product trajectories. For this reason, the event space is
defined as E = {TAKEN, RETURNED, INSPECTED, UNKNOWN, SPURIOUS}. Here,
TAKEN indicates that the product was removed from the cabinet; RETURNED indicates
that the product was lifted and placed back on the shelf; INSPECTED indicates temporary
interaction without removal; UNKNOWN indicates incomplete or ambiguous evidence;
and SPURIOUS indicates a noise track or false trajectory.

The complete transaction recognition problem can therefore be written as F: (V0, V1)
→ R, where F consists of frame-level detection, temporal association, zone-aware trajectory
interpretation, event classification, and evidence-gated cross-camera fusion.

3.3. Snapshot-Difference Baseline

A common production-level baseline for smart vending recognition is the snapshot-
difference approach. In this method, the system samples one or several frames from the
beginning of the transaction and one or several frames from the end. A product detector is
applied to these frames, and the difference between the detected initial and final product
sets is interpreted as the customer’s basket. Let Sstart denote the detected product multiset
at the beginning of the transaction and let Send denote the detected product multiset at the
end. The snapshot-difference receipt can be expressed as Rdiff = Sstart − Send, where the
multiset difference represents products inferred to have been removed from the cabinet.

The main advantage of this strategy is simplicity. It requires only frame-level object
detection and does not require tracking, trajectory modelling, zone reasoning, or evidence-
gated cross-camera fusion. As a result, it is computationally attractive for low-power edge
systems. However, the method has a structural limitation: it ignores the entire temporal
interval between the initial and final observation windows. Therefore, it cannot distinguish
between visually similar endpoint states produced by different customer actions. For
example, the following actions may produce the same or nearly the same initial and final
shelf appearance:

• A product is picked up and taken;
• A product is picked up, inspected, and returned;
• A product is partially lifted and placed back;
• A neighboring product shifts after a pickup;
• A small item is removed but not detected due to occlusion or scale;
• The customer’s hand temporarily hides a product during the final frame.

Since these intermediate events are not represented in Sstart or Send, the snapshot-
difference method cannot recover them at the decision stage. This means that the failure
is not only a detector-level error but also a decision-level error caused by the absence of
motion semantics.

In this study, snapshot-difference refers to the endpoint-only baseline that compares
detected product sets at the beginning and end of a transaction without modeling interme-
diate motion. The term phantom-VETO refers to failure cases in which the initial and final
shelf states appear visually acceptable, but the intermediate product trajectory contains
essential transaction evidence that is ignored or suppressed by endpoint-only reasoning.
After these definitions, the terms snapshot-difference and phantom-VETO are used con-
sistently throughout the manuscript. The snapshot-difference baseline compares only the
initial and final observation windows of a transaction. Product interactions occurring
between these windows are ignored. As a result, pickup–return, inspection, temporary
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occlusion, shelf re-settling, or small-item removal events may be missed or incorrectly
suppressed. This endpoint-only limitation is referred to as the phantom-VETO problem.

The phantom-VETO problem is particularly important in top-loading smart vending
cabinets for several reasons. First, customer interactions are short and frequently involve
hand occlusion. A product may be visible only for a few frames while it is being removed
from the shelf. If this motion does not appear clearly in the endpoint snapshots, the baseline
cannot identify the pickup. Second, small products such as confectionery items occupy only
a small region in the image. In the studied cabinet, small items may appear only approxi-
mately 25–40 pixels high in some views, making them difficult to detect reliably, especially
under partial occlusion. Third, products may be inspected or returned. A customer may lift
a product, move it toward the exit region, and then place it back on the shelf. In this case,
the initial and final shelf states may appear similar, but the intermediate trajectory contains
meaningful interaction evidence. Fourth, products may shift without being purchased.
When the customer removes one item, neighboring products may move or settle into a new
position. A snapshot-based system may incorrectly interpret such re-settling as a purchase
or may suppress a true pickup because the final shelf configuration still appears visually
plausible. The real in-service transaction WZ1776169039764 demonstrates this failure mode.
In this transaction, the snapshot-difference baseline detected only one visually distinctive
product, while two other ground-truth pickups, Moxito 0.5 L and Snickers 80 g, were
missing. This example confirms that endpoint-only reasoning is insufficient for dense,
occluded, and motion-rich vending scenes (Figure 3).

Figure 3. Snapshot-difference baseline and phantom-VETO failure mode: (a) Snapshot-difference
logic, (b) Ignored middle motion, (c) Failure-phantom VETO.

3.4. Design Requirements for the Proposed Framework

Based on the limitations of the snapshot-difference baseline, the proposed transaction
recognition framework must satisfy six design requirements. First, it must use continuous
temporal evidence instead of relying only on the beginning and ending frames. Product
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motion during the transaction must be explicitly represented. Second, it must convert low-
level detections into object-level trajectories. Since the billing decision concerns product
instances rather than isolated bounding boxes, frame-level detections must be associated
over time. Third, it must interpret trajectories using motion semantics. The system must
distinguish between products that are taken, returned, inspected, ambiguous, or spurious.
Fourth, it must handle the asymmetric geometry of the two-camera setup. Camera 0 and
Camera 1 observe the same shelf from different angles, so a single geometric threshold
may not be appropriate for both views. Fifth, it must perform auditable cross-camera
fusion. Since billing decisions may be disputed by customers, the final receipt should be
explainable in terms of camera-specific tracks, zone transitions, and event labels. Sixth,
it must remain suitable for CPU-only edge deployment. The additional reasoning stages
should not impose a significant computational burden beyond the detector ensemble.

These requirements motivate the proposed ZAB-Fusion framework, which is described
in the next section. ZAB-Fusion combines frame-level detection, multi-object tracking,
zone-aware trajectory representation, finite-state event classification, and evidence-gated
cross-camera fusion to infer the final product-level receipt from two asynchronous video
streams.

4. Proposed ZAB-Fusion Framework
This section presents the proposed ZAB-Fusion framework for sensorless smart vend-

ing transaction recognition. The framework converts two asynchronous video streams
into an auditable product-level receipt through frame-level detection, temporal association,
zone-aware track representation, finite-state event classification, and evidence-gated cross-
camera fusion. Unlike snapshot-difference methods, ZAB-Fusion uses continuous temporal
evidence and explicitly models product motion during the transaction. The complete
processing flow of the proposed framework is shown in Figure 4. Each camera stream is
processed independently until the event level. The resulting camera-specific event streams
are then merged by the evidence-gated cross-camera fusion module.

Figure 4. Overall architecture of the proposed ZAB-Fusion framework.

Each asynchronous camera stream is processed through per-frame detection, ByteTrack-
based temporal association, zone-aware motion representation, and finite-state event classi-
fication. Camera-specific events are then merged using evidence-gated cross-camera fusion
to generate the final transaction receipt.

4.1. Per-Frame Detection Ensemble

The first stage of ZAB-Fusion is frame-level product detection. Each selected and ro-
tated video frame is processed using two complementary object detectors: YOLO11-seg and
RT-DETR. YOLO11-seg provides stable localization for larger bottle-like products, whereas
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RT-DETR provides complementary detection evidence for small or partially occluded
confectionery products. The detector ensemble is used because the evaluated product
catalogue contains both large beverage bottles and small packaged items, which differ
substantially in scale, shape, texture, and visual saliency.

Let ft denote a selected video frame at time t. The detector outputs are represented as
sets of bounding boxes, class labels, and confidence scores:

DY
t = {(bi , ci , pi )},

DR
t =

{(
bj , cj , pj

)}
,

where b is the bounding box, c is the predicted product class, and p is the detection con-
fidence. Before merging the detector outputs, detections with confidence lower than
0.35 were removed. The same confidence threshold was used for both YOLO11-seg and
RT-DETR and for all seven product classes; no detector-specific or class-specific confidence
threshold was used. The value 0.35 was selected using the validation subset. Lower thresh-
olds increased the number of candidate detections for small products but also introduced
more short false tracks caused by reflections, shelf re-settling, and hand-induced motion.
Higher thresholds suppressed false detections but reduced recall for small confectionery
products and partially occluded items. Therefore, 0.35 was chosen as a validation-based
operating point that balances small-product recall and billing-oriented false-positive con-
trol. After confidence filtering, the YOLO11-seg and RT-DETR outputs were merged using
class-aware non-maximum suppression with an IoU threshold of 0.45:

Dt = NMSIoU=0.45

(
DY

t ∪ DR
t

)
.

The resulting detection set Dt was then passed to ByteTrack for temporal association.
The detection ensemble itself is not the main novelty of this work. Instead, it provides the
frame-level product evidence used by the subsequent tracking, zone-state interpretation,
and evidence-gated cross-camera fusion stages. The key contribution of ZAB-Fusion is
how these detections are transformed into transaction-level product events.

4.2. ByteTrack-Based Temporal Association

After per-frame detection, ZAB-Fusion applies ByteTrack to associate detections across
frames and form object trajectories. This step is necessary because billing decisions concern
product instances, not isolated frame-level detections. For a complete transaction, ByteTrack
produces a set of product tracks:

T = {τ1, τ2, . . ., τL},

where each track τk is an ordered sequence of observations:

τk = [(tj, bj, cj, pj)], j = 1. . .nk.

Here, tj is the frame index, bj is the bounding box, cj is the detected product class, pj is
the confidence score, and nk is the length of the track. The class label of a track is assigned
by majority voting over its frame-level detections:

cls(τk) = mode (c1, c2, . . ., cnk).

The mean confidence of the track is computed as

Conf−(τk) = (1/nk) Σj = 1. . .nk pj.
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Tracks shorter than five frames or with mean confidence below 0.35 are treated as
unreliable candidates and later classified as SPURIOUS. This filtering suppresses short
ghost tracks produced by detector noise, reflections, or momentary occlusion.

ByteTrack is suitable for the vending cabinet scenario because it can associate both
high-confidence and low-confidence detections. This is important when a customer’s hand
partially includes products for several frames. Instead of immediately terminating a track,
ByteTrack can preserve identity through short-term uncertainty, allowing the downstream
event classifier to interpret the full trajectory.

4.3. Zone-Aware Track Representation

The central idea of ZAB-Fusion is to represent product motion using symbolic cabinet
zones. Since the task is to determine whether a product moves from the shelf toward the
exit, a full pixel-level trajectory is not required. Instead, each track observation is mapped
to one of three vertical zones: SHELF, MIDDLE, and EXIT. The SHELF zone corresponds to
the product storage region. The MIDDLE zone corresponds to the intermediate movement
region where products are typically lifted, inspected, or carried by the customer’s hand.
The EXIT zone corresponds to the region through which a product leaves the cabinet.
For each bounding box observation, the bottom-edge coordinate is used because it better
represents the physical support/contact position of the product in the cabinet image. Let
y2 be the bottom coordinate of a bounding box and H be the image height. The normalized
vertical coordinate is

ynorm = y2/H.

The zone assignment function is defined as

Z(ynorm) = SHELF, if ynorm < smax,

Z(ynorm) = MIDDLE, if smax ≤ ynorm < mmax,

Z(ynorm) = EXIT, if ynorm ≥ mmax.

The parameters smax and mmax define the vertical zone boundaries. In the released
configuration, the zone boundaries are camera-specific:

Camera 0: smax = 0.62, mmax = 0.82;

Camera 1: smax = 0.65, mmax = 0.82.

The asymmetric value of smax is necessary because Camera 0 and Camera 1 observe
the shelf from different angles. Camera 0 provides a near-perpendicular view, while
Camera 1 observes the scene from an approximately 45◦ convergent angle. Therefore, the
same physical shelf area occupies different vertical proportions in the two image planes.
Applying the same zone boundary to both cameras would incorrectly place some static
shelf products into the MIDDLE zone, producing false motion events.

The zone-aware representation is shown in Figure 5.
Each product track is mapped into one of three vertical cabinet zones using the normal-

ized bottom-edge coordinate of the bounding box. Repeated zone labels are compressed
into a symbolic sequence, which is later interpreted by the finite-state event classifier. For
a track τk, the raw zone sequence is Z(τk) = [z1, z2, . . ., znk], where zj ∈ {SHELF, MIDDLE,
EXIT}. Consecutive repeated zones are removed to obtain a compressed symbolic sequence:
Z(τk) = compress(Z(τk)). For example,

[SHELF, SHELF, MIDDLE, MIDDLE, EXIT, EXIT] → [SHELF, MIDDLE, EXIT].

https://doi.org/10.3390/s26165213

https://doi.org/10.3390/s26165213


Sensors 2026, 26, 5213 14 of 39

The compressed sequence preserves the semantic structure of the trajectory while
removing redundant frame-level repetitions.

Figure 5. Zone-aware track representation: (a) vertical zones in normalized image; (b) different
viewpoint.

4.4. Finite-State Event Classification

The finite-state event classifier converts each compressed zone sequence into a seman-
tic product event. The classifier is rule-based and fully interpretable. This is important
because vending transactions may lead to customer disputes, and each billing decision
must be explainable. The event space is defined as

E = {TAKEN, RETURNED, INSPECTED, UNKNOWN, SPURIOUS}.

The mapping between compressed zone sequences and event labels is summarized
in Table 1.

Table 1. Finite-state event classification rules.

Compressed Zone
Sequence Event Label Interpretation

[SHELF, MIDDLE, EXIT] TAKEN Product is picked up and removed from
the cabinet.

[SHELF, EXIT] TAKEN Fast pickup; the MIDDLE zone is skipped due to
motion blur or sparse detections.

[SHELF, MIDDLE, SHELF] RETURNED Product is lifted and placed back on the shelf.
[SHELF, EXIT, SHELF] INSPECTED Product is moved toward the exit region but returned.

[MIDDLE] UNKNOWN Track starts in the middle of the trajectory; evidence is
incomplete.

[EXIT] SPURIOUS Ghost track or detection near the exit region.
[SHELF] SPURIOUS Static product that did not move.

Track length < 5 SPURIOUS Short unreliable track.
Mean confidence < 0.35 SPURIOUS Low-confidence unreliable track.

A track is classified as TAKEN when its movement indicates removal from the shelf
toward the exit. A track is classified as RETURNED when the object leaves the shelf but
returns to it. A track is classified as INSPECTED when it moves toward the exit direction
but is ultimately placed back. An UNKNOWN event preserves weak evidence that cannot
be confidently interpreted by a single camera. A SPURIOUS event suppresses static objects,
ghost tracks, and unreliable detections.
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The rule-based classifier can be written as

ek = FSM(Z−(τk), len(τk), conf−(τk)),

where ek− is the event label assigned to track τk.
The output of this stage for each camera is a camera-specific event stream:

Ei = {(ek, cls(τk), id(τk), conf−(τk))},

where i ∈ {0, 1} denotes the camera index.

4.5. Evidence-Gated Cross-Camera Fusion

After the two camera streams are processed independently, ZAB-Fusion obtains two
event streams: E0 from Camera 0 and E1 from Camera 1. Since the two cameras are
asynchronous and the narrow-baseline cabinet geometry is not suitable for reliable stereo
reconstruction, the proposed method performs fusion at the symbolic event level rather
than at the pixel, feature, or 3D geometry level.

We use the term evidence-gated cross-camera fusion because the rule is conservative
but not a pure intersection rule. It allows strong single-camera evidence under controlled
conditions, while requiring confirmation for weak or ambiguous evidence. This terminol-
ogy better reflects the intended billing-oriented behavior of the fusion stage.

Let ei,k = (ci,k, li,k, si,k, zi,k) denote the k-th event generated by camera i, where
i ∈ {0,1}. Here, ci,k is the predicted product class, li,k ∈ {TAKEN, RETURNED, INSPECTED,
UNKNOWN, SPURIOUS} is the event label, si,k is the mean track confidence, and zi,k is the
compressed zone sequence associated with the event. The purpose of the fusion module is
to convert the two event streams E0 and E1 into the final transaction receipt R.

The proposed fusion rule distinguishes four evidence cases.
Case 1: Confirmed two-camera TAKEN evidence. If both cameras independently

produce a TAKEN event for the same product class c within the same transaction, the event
is accepted as confirmed two-camera evidence:

TAKEN0(c) ∧ TAKEN1(c) → ACCEPT(c).

This case provides the strongest evidence because the same product-removal event is
supported by both views.

Case 2: Admitted single-camera TAKEN evidence. If one camera produces a high-
confidence TAKEN event for product class c and the opposite camera provides no contradic-
tory evidence for the same class, the event is accepted as admitted single-camera evidence:

TAKENi(c) ∧ ¬CONTRADICT1−i(c) → ACCEPT(c),

where i ∈ {0, 1}. A contradictory event is defined as an opposite-camera RETURNED or
INSPECTED event for the same product class that clearly indicates non-removal. This
admitted single-camera case is necessary because one camera may be temporarily oc-
cluded by the customer’s hand, affected by reflection, or unable to observe the product
trajectory clearly.

Case 3: UNKNOWN-supported evidence. An UNKNOWN event is treated as weak
evidence and is not accepted by itself. It is accepted only when the opposite camera
independently produces a TAKEN event for the same product class:

UNKNOWNi(c) ∧ TAKEN1−i(c) → ACCEPT(c).
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This rule allows incomplete single-view evidence to support a product-removal deci-
sion only when the other view provides strong evidence.

Case 4: Rejected ambiguous evidence. Isolated UNKNOWN events, isolated SPU-
RIOUS events, static shelf tracks, and contradictory events without TAKEN support
are rejected:

UNKNOWNi(c) ∧ ¬TAKEN1−i(c) → REJECT(c),

SPURIOUSi(c) → REJECT(c).

This prevents weak single-camera evidence from being directly converted into a billed
item. The final quantity qc for each product class c is computed from the number of accepted
TAKEN-level decisions:

qc = Naccept(c),

where Naccept(c), denotes the number of accepted product-removal events of class c after
evidence-gated fusion. The final receipt is then defined as

R = {(c, qc)|c ∈ C, qc > 0},

where c is the product class and qc is the predicted quantity of class c removed from the cabinet.
This fusion rule is intentionally different from both symmetric union and strict intersec-

tion. A symmetric union rule accepts all candidate events from either camera and may increase
false positives, which is undesirable in a billing system. A strict intersection rule accepts
only events confirmed by both cameras and may miss genuine pickups when one camera is
occluded or temporarily unreliable. The proposed evidence-gated fusion rule provides an
intermediate operating point: strong TAKEN evidence can be admitted, weak UNKNOWN
evidence requires confirmation, and ambiguous or contradictory evidence is rejected.

This design also improves auditability. Each accepted receipt item can be traced back
to the camera source, track identifier, product class, compressed zone sequence, event
label, confidence score, and fusion decision. Therefore, the final billing output is not only
a product count but also an interpretable decision supported by camera-specific motion
evidence. The evidence-gated cross-camera fusion rule is shown conceptually in Figure 6.

Figure 6. Evidence-gated cross-camera fusion rule.

The fusion rule accepts confirmed two-camera TAKEN evidence, admits high-
confidence single-camera TAKEN evidence when no contradictory evidence exists, accepts
UNKNOWN evidence only with opposite-camera TAKEN confirmation, and rejects iso-
lated weak or spurious events. The complete ZAB-Fusion procedure is summarized in
Algorithm 1.
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Algorithm 1. ZAB-Fusion transaction recognition.

Input: Two asynchronous video streams V0, V1; product catalogue C; camera-specific
zone parameters (smax, mmax).
Output: Final transaction receipt R.
1. For each camera stream Vi, where i ∈ {0,1}:
2. For each frame fi

t in Vi:
3. Rotate the frame by 180◦ to establish the common coordinate convention.
4. Apply YOLO11-seg to obtain product detections.
5. Apply RT-DETR to obtain product detections.
6. Merge detector outputs using NMS to obtain Di

t.
7. Apply ByteTrack to associate detections over time and generate tracks Ti.
8. For each track τk ∈ Ti:
9. Compute track length len(τk) and mean confidence conf−(τk).
10. If len(τk) < 5 or conf−(τk) < 0.35, assign SPURIOUS.
11. Otherwise, compute y_norm = y2/H for each track observation.
12. Map each observation to SHELF, MIDDLE, or EXIT using the camera-specific zone

boundaries.
13. Compress repeated zone labels to obtain Z−(τk).
14. Apply the finite-state classifier to assign an event label ek.
15. Store the camera-specific event (ek, cls(τk), id(τk), conf−(τk)).
16. After both cameras are processed, obtain event streams E0 and E1.
17. Admit all valid TAKEN events.
18. Admit UNKNOWN events only if the opposite camera confirms a TAKEN event of

the same class.
19. Compute the final quantity q_c for each product class using the evidence-gated

cross-camera count rule.
20. Return R = {(c, qc)|qc > 0}.

The current evidence-gated fusion rule generates the final receipt by counting accepted
TAKEN-level events for each product class. Each accepted event is associated with its
camera source, track identifier, product class, compressed zone sequence, event label,
confidence score, and fusion decision. This design provides an auditable product-level
receipt and works well when product trajectories are sufficiently separated. However,
the current implementation does not fully solve the problem of distinguishing multiple
identical units when several products of the same SKU are removed consecutively or
simultaneously under severe occlusion. For example, if two visually identical items are
picked up in close temporal proximity and their tracks overlap or fragment, the system
may incorrectly merge two physical product removals into one accepted class-level event,
or may split one physical removal into multiple candidate events. This limitation is
particularly relevant for small confectionery products and densely arranged shelf layouts.
Therefore, the present fusion rule should be understood as an event-level and class-level
billing mechanism rather than a complete multi-instance identity-resolution method for
all identical-product scenarios. To improve robustness in such cases, future versions of
the framework should incorporate trajectory-level instance separation, cross-view track
matching, temporal spacing constraints, and product-instance re-identification. These
extensions would allow the system to better distinguish independent trajectories of multiple
identical products and reduce counting errors in consecutive same-SKU pickup scenarios.
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5. Experimental Setup
This section describes the experimental setup used to evaluate the proposed ZAB-

Fusion framework. The evaluation is based on real in-service transactions collected from
a deployed smart vending cabinet. The section presents the transaction dataset, product
catalogue, annotation protocol, baseline configurations, evaluation metrics, and implemen-
tation environment.

5.1. In-Service Transaction Dataset

The evaluation dataset consists of 220 complete in-service customer transactions col-
lected from a deployed top-loading smart vending cabinet (Table 2). Each transaction
corresponds to the full interaction interval between lid opening and lid closing. For every
transaction, two videos were recorded simultaneously by Camera 0 and Camera 1. Both
cameras captured frames at a native resolution of 1280 × 720 pixels and approximately
29 frames per second. The two camera streams were treated as asynchronous and were
not frame-synchronized during processing. The dataset contains 227 ground-truth TAKEN
events and 87 RETURNED events, corresponding to 314 annotated transaction-level events
across seven product classes. The product catalogue consists of 18 + 0.45 L, Chortoq 0.5 L,
Fanta 0.5 L, Moxito 0.5 L, Snickers 80 g, Super Kontik 100 g, and Twix 75 g. The collected
transactions include clean single-product pickups, multiple-item pickups, pickup-and-
return sequences, inspection actions, temporary hand occlusions, and shelf re-settling
events. These cases are important because they represent the types of motion ambigu-
ity that make endpoint-only snapshot-difference recognition unreliable. After removing
lid-opening and lid-closing buffer frames, the average transaction duration was 27.4 s,
corresponding to approximately 800 frames per camera per transaction. This duration
refers to the recorded transaction video length, not the processing latency. The processing
latency of the proposed system is reported separately in the runtime analysis.

Table 2. Summary of the in-service validation dataset.

Property Value Description

Number of transactions 220 Real in-service customer
transactions

Cameras per transaction 2 Camera 0 and Camera 1

Camera synchronization Asynchronous No frame-level
synchronization assumed

Resolution 1280 × 720 Native sensor output
Frame rate Approximately 29 fps For both camera streams

Average transaction
duration 27.4 s After removing

lid-open/close buffers
Frames per camera per

transaction Approximately 800 Depends on transaction
duration

Product classes 7 Beverage bottles and
confectionery items

Ground-truth TAKEN
events 227 Product pickups

Ground-truth RETURNED
events 87 Pick-and-place-back

interactions

Total annotated events 314 TAKEN + RETURNED
events

Although the dataset contains 220 in-service transactions and 314 annotated transaction-
level events, the evaluation is still limited to one cabinet and one deployment site. Therefore,
the results should be interpreted as single-site in-service validation of the proposed dual-
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camera edge sensing framework. Therefore, the results should be interpreted as a single-site
in-service validation of the proposed dual-camera edge sensing framework. Multi-cabinet,
multi-site, and multi-condition validation remains an important direction for future work.

The smart vending cabinet used in this study contains seven product classes. The
catalogue includes both large and small objects, which makes the recognition problem
challenging. Large bottle-like products are easier to localize because they occupy a larger
image region and have clearer vertical structure. In contrast, small confectionery items
occupy only a limited number of pixels, especially in the oblique camera view, and are
more sensitive to occlusion, blur, and packaging similarity.

The product catalogue is defined as C = {c1, c2, . . ., c7}, where the seven classes are

1. 18 + 0.45 L;
2. Chortoq 0.5 L;
3. Fanta 0.5 L;
4. Moxito 0.5 L;
5. Snickers 80 g;
6. Super Kontik 100 g;
7. Twix 75 g.

The inclusion of small confectionery products is important for evaluating the proposed
framework because snapshot-difference methods frequently miss small items when they
are occluded or located in lower shelf rows.

To ensure reproducibility, the detector-training, inference, and tracking settings are
explicitly reported. The detection stage used YOLO11s-seg and RT-DETR-R18 as com-
plementary product detectors. Both models were initialized from their publicly available
COCO-pretrained checkpoints and then fine-tuned for the seven vending-product classes
used in this study: 18 + 0.45 L, Chortoq 0.5 L, Fanta 0.5 L, Moxito 0.5 L, Snickers 80 g, Super
Kontik 100 g, and Twix 75 g. The detector-training dataset consisted of annotated vending-
cabinet product images collected from the same cabinet environment but separated from
the final transaction-level evaluation set. The images were divided into training, validation,
and internal test subsets using an 80:10:10 split. All training and inference images were
resized to 640 × 640 pixels. The detectors were fine-tuned using supervised object-detection
annotations for the seven product classes. Standard data augmentation was applied during
training, including image resizing, random horizontal flipping, brightness and contrast
adjustment, HSV color jitter, and small geometric perturbations. These augmentations
were used to improve robustness against lighting variation, packaging reflections, partial
occlusion, and small viewpoint changes inside the cabinet. The validation subset was used
to select the detector confidence threshold, NMS threshold, and track-filtering parameters.

During inference, the same confidence threshold of 0.35 was applied to both YOLO11s-
seg and RT-DETR-R18 outputs before detector merging. This threshold was shared across
all seven product classes; no detector-specific or class-specific confidence thresholds were
used. The value of 0.35 was selected because lower thresholds increased false detec-
tions caused by reflections, hand occlusion, and shelf re-settling, whereas higher thresh-
olds reduced recall for small confectionery products and partially occluded items. After
confidence filtering, detections from the two detectors were merged using class-aware
non-maximum suppression with an IoU threshold of 0.45. ByteTrack was applied inde-
pendently to each camera stream after detector merging. The tracker used the following
settings: track_thresh = 0.35, high_thresh = 0.60, match_thresh = 0.80, track_buffer = 30,
new_track_thresh = 0.35, fuse_score = true, and mot20 = false. Tracks shorter than 5 selected
frames or with mean confidence below 0.35 were treated as unreliable and assigned to
the SPURIOUS category before receipt construction. Track-level product class labels were
assigned using majority voting over the frame-level detector labels within each track. The
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exact detector-training configuration was as follows. YOLO11s-seg was fine-tuned for
100 epochs using stochastic gradient descent with an initial learning rate of 0.01, momen-
tum of 0.937, weight decay of 0.0005, and a cosine learning-rate schedule. RT-DETR-R18
was fine-tuned for 100 epochs using AdamW with an initial learning rate of 0.0001, weight
decay of 0.0001, and a cosine learning-rate schedule. Detector training was performed on a
GPU workstation, whereas the final inference and transaction-recognition runtime evalu-
ation were performed on the Intel N100 CPU-only edge device. This separation reflects
the intended deployment scenario: model training is performed offline, while transaction
recognition is executed on the edge device.

This configuration makes the detector and tracker stages reproducible and clarifies
that the proposed contribution is not a new detector-training method. Instead, the detectors
provide frame-level product evidence that is converted into transaction-level decisions
by ByteTrack association, zone-aware finite-state event interpretation, and evidence-gated
cross-camera fusion.

5.2. Ground-Truth Annotation Protocol

Ground-truth labels were created at the transaction-event level rather than only at the
frame level. Each transaction was independently reviewed by two human annotators who
watched the two camera streams side by side. The annotators recorded the ordered list of
customer–product interaction events at the SKU level. Each event was labelled as TAKEN
or RETURNED according to whether the product was finally removed from the cabinet
or placed back on the shelf. Disagreements between the two annotators were resolved
by a third reviewer. The final consolidated annotation contained 227 TAKEN events and
87 RETURNED events, corresponding to 314 transaction-level annotated events. The
reported inter-rater agreement was Cohen’s κ = 0.86, indicating a high level of consistency
between annotators. This annotation protocol is appropriate for the proposed method
because the goal of the system is not simply to detect objects in frames, but to infer product-
level transaction events. Therefore, the evaluation compares the final predicted receipt
against the event-level ground truth.

5.3. Baseline and Compared Configurations

To strengthen the experimental comparison and isolate the contribution of each com-
ponent, the evaluation includes several detector-level, tracking-level, zone-reasoning-level,
and fusion-level baselines (see Table 3). The snapshot-difference baseline is retained because
it represents a common endpoint-only recognition strategy used in simple smart vending
systems. However, since this baseline does not use temporal information, additional con-
figurations were added to clarify which part of the proposed pipeline is responsible for the
observed improvement. The compared configurations are defined as follows.

Snapshot-difference baseline: This method applies product detection to the beginning
and ending observation windows of a transaction. The estimated receipt is obtained by
comparing the detected product multisets at the start and end of the transaction. This
baseline does not use tracking, zone reasoning, or cross-camera event fusion.

YOLO11-seg snapshot only: This configuration uses only YOLO11-seg detections in
the snapshot-difference framework. It evaluates whether the segmentation-based detector
alone can improve endpoint recognition.

RT-DETR snapshot only: This configuration uses only RT-DETR detections in the
snapshot-difference framework. It evaluates whether the transformer-based detector im-
proves endpoint recognition, especially for small or partially occluded products.
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Detector ensemble snapshot: This configuration combines YOLO11-seg and RT-DETR
outputs using non-maximum suppression but still uses endpoint-only snapshot comparison.
It isolates the effect of detector ensembling without temporal tracking or event reasoning.

Camera 0-only tracking: This configuration applies the tracking and event-reasoning
pipeline only to Camera 0, which provides a near-perpendicular top-down view. It evalu-
ates the contribution of the perpendicular camera stream alone.

Camera 1-only tracking: This configuration applies the tracking and event-reasoning
pipeline only to Camera 1, which observes the cabinet from an approximately 45◦ conver-
gent view. It evaluates the contribution of the oblique camera stream alone.

ByteTrack with two-zone logic: This configuration introduces continuous temporal
association using ByteTrack but uses a simplified two-zone representation. It evaluates the
effect of temporal tracking before the full three-zone finite-state model is introduced.

Three-zone FSM without cross-camera fusion: This configuration maps tracks into SHELF,
MIDDLE, and EXIT zones and interprets compressed zone sequences using the finite-state
event classifier. However, camera outputs are evaluated without the proposed evidence-gated
fusion rule. This isolates the contribution of zone-aware finite-state reasoning.

Symmetric union fusion: This configuration accepts any candidate TAKEN or
UNKNOWN-supported event from either camera. It represents a permissive fusion strategy
and is expected to improve recall but increase false positives.

Intersection-only fusion: This configuration accepts only product-removal events
confirmed by both cameras. It represents a conservative fusion strategy and is expected to
reduce false positives but miss true pickups when one view is occluded.

Proposed evidence-gated cross-camera fusion: This is the released ZAB-Fusion con-
figuration. It accepts confirmed two-camera TAKEN evidence, admits high-confidence
single-camera TAKEN evidence when the opposite camera provides no contradictory event,
accepts UNKNOWN evidence only when supported by opposite-camera TAKEN evidence,
and rejects isolated weak or ambiguous events.

These configurations allow the evaluation to separate the effects of detector choice,
detector ensembling, continuous tracking, zone-aware finite-state reasoning, and cross-
camera fusion.

Table 3. Compared configurations used in the experimental evaluation.

Version Configuration Main Purpose

v1 Snapshot-difference baseline Endpoint-only recognition

v2 ByteTrack continuous tracking with
two-zone logic Effect of temporal tracking

v3 Three-zone FSM + evidence-gated fusion Effect of event reasoning
and conservative fusion

v4 Full ZAB-Fusion with asymmetric zone
calibration Released proposed system

5.4. Evaluation Metrics

The system was evaluated at both the event level and the transaction level. At the event
level, TAKEN predictions were compared with ground-truth TAKEN events using true
positives, false positives, and false negatives. Precision, recall, and F1-score were computed
using their standard definitions from TP, FP, and FN. At the transaction level, exact receipt
accuracy was computed as the proportion of transactions for which the predicted product
classes and quantities exactly matched the ground-truth receipt.

False positives were analyzed separately because they are particularly important in
billing systems: a false positive may charge a customer for a product that was not purchased.
False negatives were also analyzed because they correspond to missed genuine pickups and
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operator revenue loss. Therefore, the evaluation reports event-level metrics, false-positive
counts, false-negative counts, exact receipt accuracy, and diagnostic error patterns.

Statistical confidence intervals were estimated using transaction-level bootstrap re-
sampling. Specifically, 10,000 bootstrap resamples were generated from the 220 evaluated
transactions. The resampling unit was the complete transaction rather than the individ-
ual event, so all product events belonging to the same transaction were kept together
during resampling. This preserves the dependence structure among multiple TAKEN or
RETURNED events within a single customer interaction. For each bootstrap resample,
TP, FP, FN, precision, recall, F1-score, and exact receipt accuracy were recomputed. The
reported 95% confidence intervals are percentile bootstrap intervals, calculated from the
2.5th and 97.5th percentiles of the bootstrap distribution. No class-based stratification was
applied because the evaluation was designed to estimate transaction-level performance
under the observed in-service product distribution.

5.5. Zone-Boundary Calibration Evaluation

Since the two cameras observe the shelf from different viewpoints, the SHELF–
MIDDLE boundary cannot be assumed to be identical for both views. Camera 0 has
a near-perpendicular top-down view, while Camera 1 has an approximately 45◦ convergent
view. This causes the same physical shelf region to occupy different vertical image propor-
tions. To evaluate the effect of camera-specific zone calibration, the Camera 1 boundary
smax is swept while all other parameters are held fixed. The tested values include the
shared boundary and the released asymmetric boundary. The purpose of this ablation is
to determine whether asymmetric calibration reduces phantom MIDDLE events without
suppressing true pickup events. The cross-camera fusion rule was evaluated using four
variants: Camera 0 only, Camera 1 only, symmetric union, and evidence-gated cross-camera
fusion. This experiment isolates the effect of decision-level fusion after detection, tracking,
and event classification.

1. Camera 0 only: only the perpendicular camera stream is used;
2. Camera 1 only: only the 45◦ oblique camera stream is used;
3. Symmetric union: any TAKEN or UNKNOWN event from either camera is accepted;
4. Evidence-gated cross-camera fusion: TAKEN events are admitted as strong evidence, while

UNKNOWN events require confirmation by a TAKEN event from the opposite camera.

This ablation isolates the contribution of evidence-gated cross-camera fusion. The
goal is to test whether the proposed fusion rule can reduce phantom false positives while
preserving genuine single-camera evidence. According to the evaluation, evidence-gated
cross-camera fusion is the only tested fusion variant that eliminates the phantom-VETO
false-positive subset while still admitting genuine single-camera TAKEN evidence.

5.6. Runtime Measurement Protocol

To avoid ambiguity between recorded video length and computational latency, the
runtime measurement protocol was defined separately from the transaction-video acquisi-
tion protocol. Each transaction was recorded using two asynchronous camera streams. The
average transaction duration was 27.4 s, corresponding to approximately 800 raw frames
per camera. Therefore, a complete transaction contains approximately 1600 raw frames
from the two cameras. However, the reported runtime does not correspond to exhaustive
detector inference on every raw frame. Instead, the deployed edge-processing mode uses a
selected-frame transaction-recognition protocol before detector inference.

The frame-selection protocol was introduced because consecutive video frames in a
smart vending transaction are highly redundant. In most parts of the transaction, the shelf
state remains unchanged, and product motion occurs only during short intervals when
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the customer’s hand interacts with the products. Therefore, applying both detectors to
all raw frames is computationally inefficient and unnecessary for transaction-level receipt
generation. The system first removes lid-opening and lid-closing buffer intervals and then
selects motion-relevant frames from the remaining transaction interval. Frame selection
is based on temporal spacing and visual-change evidence between neighboring frames.
This produces a compact set of representative frames that preserves the product-motion
evidence required for tracking and zone-state reasoning.

All selected frames were resized to 640 × 640 pixels before detector inference. The
detector ensemble consisted of YOLO11-seg and RT-DETR. Both detectors were executed
on an Intel N100 CPU-only edge device. The inference batch size was set to 1, and the
same setting was used for both camera streams. CPU execution was performed using four
threads. Before recording the runtime values, five warm-up transactions were processed
and excluded from the final timing. The reported runtime was then computed as the
average over repeated transaction-level measurements on the evaluation set.

The measured runtime includes frame preprocessing, orientation correction, detec-
tor inference on selected frames, detector-output merging, non-maximum suppression,
ByteTrack association, zone classification, finite-state event interpretation, evidence-gated
cross-camera fusion, and receipt construction. Video recording time was not included be-
cause it occurs during the customer interaction itself. Raw video file loading and full-frame
decoding were also not included in the algorithmic latency because the edge workflow
processes the selected transaction frames after the lid-close event. Therefore, the reported
runtime represents recognition latency after transaction completion rather than total video
acquisition time. Table 4 summarizes the runtime measurement protocol.

Table 4. Runtime measurement protocol.

Item Setting Used in This Study

Edge device Intel N100 CPU-only device
Camera streams Two asynchronous streams

Average transaction duration 27.4 s
Raw frames per camera Approximately 800

Raw frames per transaction Approximately 1600
Exhaustive full-frame inference Not used

Frame-selection strategy Motion-relevant selected-frame processing
Average selected frames per camera 8

Average selected frames per transaction 16
Detector input size 640 × 640 pixels
Detector ensemble YOLO11-seg + RT-DETR

Batch size 1
CPU threads 4

Warm-up runs 5 transactions
Runtime unit Wall-clock latency per transaction

Included in timing
Preprocessing, detector inference on

selected frames, NMS, tracking,
zone/FSM/fusion, receipt construction

Excluded from timing Video acquisition time and exhaustive
raw-frame decoding

Under this protocol, the average processing latency was 562 ms per transaction. This
value should not be interpreted as the time required to process all approximately 1600 raw
frames with both detectors. Full-frame exhaustive processing would require substantially higher
computational cost on CPU-only hardware. Instead, the 562 ms latency corresponds to the
practical selected-frame processing mode used for near-real-time post-closure receipt generation.
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This clarification is important for interpreting the engineering feasibility of the pro-
posed framework. The system is designed to generate the receipt shortly after the cabinet
lid is closed. Since the average transaction lasts 27.4 s and the selected-frame recognition
latency is 562 ms, the proposed pipeline can support near-real-time post-closure billing
in the evaluated deployment mode. For stricter instant-checkout or exhaustive full-frame
video analysis, further acceleration would be required through detector quantization, prun-
ing, adaptive frame selection, single-detector operation, or hardware acceleration using
low-power GPU/NPU modules.

5.7. Implementation Details and Reproducibility Parameters

To improve reproducibility, this subsection provides the main implementation details
and parameter settings used in the evaluation. The proposed framework consists of
six modular stages: frame preprocessing, detector inference, detector-output merging,
temporal association, zone-aware finite-state event interpretation, and evidence-gated
cross-camera fusion. Each camera stream was processed independently until the event-
fusion stage.

All video frames were first rotated by 180◦ to establish a consistent coordinate conven-
tion, where the shelf region appears near the upper part of the processed frame and
the exit direction appears toward the lower part. The original frame resolution was
1280 × 720 pixels, and both cameras recorded at approximately 29 frames per second.
Since Camera 0 and Camera 1 were asynchronous, no frame-level synchronization was
assumed. All frames between the lid-opening and lid-closing buffer regions were processed.
No sparse frame sampling was used in the reported experiments. The frame-level product
detector was implemented as an ensemble of YOLO11-seg and RT-DETR. The two detectors
were used because they provide complementary behavior in the cabinet scene: YOLO11-
seg provides stable localization for larger bottle-like products, while RT-DETR improves
sensitivity to small and partially occluded confectionery products. Both detectors were
fine-tuned using the same seven product classes in the vending-cabinet product catalogue:
18 + 0.45 L, Chortoq 0.5 L, Fanta 0.5 L, Moxito 0.5 L, Snickers 80 g, Super Kontik 100 g,
and Twix 75 g.

The detector training data were separated from the transaction-level evaluation set.
The transaction-level evaluation set contained 220 in-service transactions and was used
only for final event-level and receipt-level evaluation. The detector fine-tuning set consisted
of annotated cabinet product images extracted from separate training recordings and still
images. The training data were divided into training, validation, and internal test subsets
using an 80:10:10 split. The same split was used for both YOLO11-seg and RT-DETR
fine-tuning to ensure a fair detector-level comparison. For each frame, detections from
YOLO11-seg and RT-DETR were first filtered using a confidence threshold of 0.35. The
remaining detections were merged using class-aware non-maximum suppression with an
IoU threshold of 0.45. The resulting detection set was then passed to ByteTrack for temporal
association. ByteTrack was applied independently to the two camera streams. Tracks
shorter than five frames were removed from the billing decision stage and classified as
SPURIOUS. In addition, tracks with a mean confidence lower than 0.35 were also classified
as SPURIOUS. The product class of each track was assigned using majority voting over the
frame-level class labels in the track.

For zone-aware event interpretation, each bounding box observation was mapped to
one of three vertical cabinet zones: SHELF, MIDDLE, or EXIT. The normalized bottom-edge
coordinate was used:

ynorm =
y2

H
,
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where y_2 is the bottom coordinate of the bounding box and H is the image height. The
zone assignment was defined as follows:

SHELF, if ynorm < smax

MIDDLE, if smax ≤ ynorm < mmax

EXIT, if ynorm ≥ mmax

Because the two cameras observe the cabinet from different viewpoints, camera-specific
zone boundaries were used. For Camera 0, which provides a near-perpendicular top-down
view, the values were smax = 0.62 and mmax = 0.82. For Camera 1, which observes the shelf
from an approximately 45◦ convergent angle, the values were smax = 0.65 and mmax = 0.82.
These asymmetric thresholds reduce false MIDDLE-zone assignments in the oblique view.

Each raw zone sequence was compressed by removing consecutive repeated labels.
The compressed sequence was then interpreted using a finite-state event classifier. The
following rules were used:

[SHELF, MIDDLE, EXIT] → TAKEN
[SHELF, EXIT] → TAKEN

[SHELF, MIDDLE, SHELF] → RETURNED
[SHELF, EXIT, SHELF] → INSPECTED

[MIDDLE] → UNKNOWN
[EXIT] → SPURIOUS

[SHELF] → SPURIOUS
Track length < 5 frames → SPURIOUS

Mean track confidence < 0.35 → SPURIOUS

The camera-specific event streams were then integrated using evidence-gated cross-
camera fusion. We use the term evidence-gated cross-camera fusion because the rule is
conservative but not a pure intersection rule. The fusion rule distinguishes four cases. First,
if both cameras produce a TAKEN event for the same product class, the event is accepted
as confirmed two-camera evidence. Second, if one camera produces a high-confidence
TAKEN event and the other camera provides no contradictory event for the same product
class, the event is accepted as admitted single-camera evidence. Third, an UNKNOWN
event is accepted only if the opposite camera produces a TAKEN event for the same product
class in the same transaction. Fourth, isolated UNKNOWN events, isolated SPURIOUS
events, and contradictory ambiguous events are rejected.

The final receipt quantity for each class c is computed from the admitted TAKEN events:

qc = Nadmitted(TAKEN, c),

where qc denotes the estimated number of products of class c removed from the cabinet.
This rule ensures that each billed item can be traced back to its camera source, track
identifier, product class, compressed zone sequence, event label, and fusion decision.
Table 5 summarizes the main implementation parameters used in the evaluation.

These details make the proposed pipeline reproducible at the level of detector inference,
tracking, zone assignment, event interpretation, and cross-camera fusion. They also clarify
that the main contribution of ZAB-Fusion is not a new detector architecture, but the
transformation of frame-level product detections into auditable transaction-level events
under sensorless dual-camera cabinet constraints.
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Table 5. Implementation details and reproducibility parameters.

Component Parameter Value Used in This Study

Input video Resolution 1280 × 720 pixels
Input video Frame rate Approximately 29 fps
Input video Camera streams Two asynchronous streams

Preprocessing Orientation correction 180◦ rotation before processing
Frame selection Sampling strategy All frames after lid-open/lid-close buffer removal
Product classes Number of classes 7

Detector 1 Model YOLO11-seg
Detector 2 Model RT-DETR

Detector training Fine-tuning Fine-tuned on cabinet product images
Data split Train/validation/test 80:10:10

Detection filtering Confidence threshold 0.35
Detection merging NMS type Class-aware NMS
Detection merging NMS IoU threshold 0.45

Temporal association Tracker ByteTrack
Track class assignment Rule Majority vote over frame-level labels

Zone coordinate Coordinate used Normalized bounding-box bottom edge,
y_norm = y_2/H

Camera0 zone boundary smax/mmax 0.62/0.82
Camera1 zone boundary smax/mmax 0.65/0.82

FSM output labels Event classes TAKEN, RETURNED, INSPECTED, UNKNOWN,
SPURIOUS

Fusion module EGCCF name Evidence-gated cross-camera fusion
Final output Receipt rule Count admitted TAKEN events per class
Hardware Edge device Intel N100 CPU-only device, 8 GB RAM

6. Results and Discussion
This section presents and discusses the experimental results of the proposed ZAB-Fusion

framework. The analysis includes overall recognition performance, the calibration trajectory
from the snapshot-difference baseline to the released configuration, the effects of asymmetric
zone calibration and evidence-gated cross-camera fusion, runtime behavior on CPU-only edge
hardware, residual failure cases, and the practical implications of the proposed framework.
The first experiment compares the released ZAB-Fusion configuration with the snapshot-
difference baseline. The baseline uses only the beginning and ending observation windows
of each transaction, whereas ZAB-Fusion uses continuous product tracking, zone-aware
event reasoning, and evidence-gated cross-camera fusion. The evaluation was performed on
220 in-service transactions containing 227 ground-truth TAKEN events and 87 RETURNED
events. Table 6 compares the snapshot-difference baseline with the released ZAB-Fusion
configuration. The baseline uses only the beginning and ending observation windows of
the transaction, while ZAB-Fusion uses continuous product tracking, zone-aware finite-state
interpretation, and evidence-gated cross-camera fusion.

The confidence intervals in Table 6 were computed using the transaction-level boot-
strap procedure described in Section 5.4. Because the bootstrap unit was the complete
transaction, multi-event transactions were resampled as intact units rather than as inde-
pendent product events. This avoids treating product events from the same customer
interaction as statistically independent observations.

The transition from v1 to v2 shows the benefit of continuous tracking. Recall increased
from 0.665 to 0.921 because the system was no longer limited to endpoint snapshots. How-
ever, this improvement came with an increase in false positives, from 9 to 25, because
tracking also preserved hand-induced movements, shelf re-settling artifacts, and ambigu-
ous short trajectories. The transition from v2 to v3 shows the effect of three-zone finite-state
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reasoning and evidence-gated cross-camera fusion. Precision increased from 0.893 to 0.944,
and false positives decreased from 25 to 12. This confirms that symbolic event reasoning
suppresses many ambiguous trajectories that are produced by tracking alone. The final
v4 configuration adds asymmetric camera-specific zone calibration. This configuration
achieves the best overall performance, with precision of 0.963, recall of 0.925, and F1-score
of 0.944. It also produces the lowest number of false positives among the tracking-based
configurations. Therefore, v4 is preferred not only because it achieves the highest F1-score,
but also because it provides the most appropriate billing-oriented operating point.

Table 6. Overall comparison between snapshot-difference baseline and released ZAB-Fusion.

Method TP FP FN Precision Recall F1-Score

Snapshot-difference baseline 151 9 76 0.944 0.665 0.780
ZAB-Fusion v4 210 8 17 0.963 0.925 0.944

The results show that ZAB-Fusion substantially improves transaction-level product
recognition compared with endpoint-only snapshot reasoning. Recall increased from 0.665
to 0.925, and F1-score increased from 0.780 to 0.944. Importantly, this improvement was
achieved without increasing the billing-oriented false-positive risk. Precision increased
slightly from 0.944 to 0.963, and the number of false-positive TAKEN events decreased
from 9 to 8. In a customer-facing billing system, false positives are particularly important
because they may result in an incorrect charge. Therefore, the proposed method is not
evaluated only by F1-score. We also analyze false-positive frequency and exact receipt
accuracy. ZAB-Fusion produced 8 false-positive TAKEN events over 220 transactions,
corresponding to 0.036 false-positive events per transaction. In other words, fewer than
four false billing candidates occurred per 100 transactions in the evaluation. At the same
time, missed genuine pickups decreased from 76 with the snapshot-difference baseline to
17 with ZAB-Fusion. This confirms that the proposed motion-aware reasoning improves
pickup recovery while maintaining a low false-positive rate.

To assess metric uncertainty, 95% confidence intervals were computed using transaction-
level resampling. For ZAB-Fusion, precision was 0.963 with an approximate 95% interval
of 0.929–0.981, recall was 0.925 with an approximate 95% interval of 0.883–0.953, and exact
receipt accuracy was 0.900 with an approximate 95% interval of 0.853–0.933.

6.1. Calibration Trajectory from Snapshot-Difference to ZAB-Fusion

To understand how each design component contributes to the result, the system was
evaluated through a four-step calibration trajectory. Each version changes one main design
element relative to the previous version (Table 7). The evaluated configurations are:

v1—snapshot-difference baseline;
v2—ByteTrack continuous tracking with simplified two-zone logic;
v3—three-zone finite-state machine with evidence-gated cross-camera fusion;
v4—released ZAB-Fusion with asymmetric per-camera zone calibration.

The evidence-gated cross-camera fusion rule was evaluated using four variants: Cam-
era 0 only, Camera 1 only, symmetric union, and evidence-gated cross-camera fusion. This
experiment isolates the effect of decision-level fusion after detection, tracking, and event
classification (Table 8).
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Table 7. Calibration trajectory from snapshot-difference baseline to released ZAB-Fusion configuration.

Version Main Configuration TP FP FN Precision Recall F1-Score

v1 Snapshot-difference baseline 151 9 76 0.944 0.665 0.780

v2 ByteTrack continuous tracking,
two-zone logic 209 25 18 0.893 0.921 0.907

v3 Three-zone FSM + evidence-gated
fusion 203 12 24 0.944 0.894 0.918

v4 Full ZAB-Fusion with asymmetric
zone calibration 210 8 17 0.963 0.925 0.944

Table 8. Ablation of evidence-gated cross-camera fusion rule.

Fusion Variant TP TPsingle FP FPphantom FN Precision Recall F1-Score

Camera 0 only 191 N/A 21 9 36 0.901 0.841 0.870
Camera 1 only 185 N/A 24 12 42 0.885 0.815 0.849

Symmetric union 214 48 29 18 13 0.881 0.943 0.911
Intersection-only fusion 174 0 5 1 53 0.972 0.767 0.857

Evidence-gated
cross-camera fusion 210 36 8 0 17 0.963 0.925 0.944

The single-camera variants show that each view provides useful but incomplete
evidence. Camera 0 achieved precision of 0.901 and recall of 0.841, while Camera 1 achieved
precision of 0.885 and recall of 0.815. Camera 0 performed slightly better because its
near-perpendicular view is less affected by perspective distortion, whereas Camera 1
provides complementary oblique evidence but is more sensitive to shelf-depth ambiguity
and occlusion. Symmetric union achieved the highest recall of 0.943 because it accepts
events from either camera, but it also produced 29 false positives, including 18 phantom
false positives. This behavior is undesirable for billing because false positives may lead to
incorrect customer charges. Intersection-only fusion achieved the highest precision of 0.972
but reduced recall to 0.767 because it rejected genuine pickups that were visible in only
one camera. The proposed evidence-gated cross-camera fusion achieved precision of 0.963,
recall of 0.925, and F1-score of 0.944. It admitted 36 genuine single-camera true-positive
events while reducing false positives to 8 and eliminating phantom false positives in the
evaluated dataset. This confirms that evidence-gated fusion provides a more suitable
billing-oriented operating point than either symmetric union or strict intersection.

To determine which part of the proposed pipeline contributes to the final improvement,
we evaluated detector-level, tracking-level, zone-reasoning-level, and fusion-level baselines.
The comparison is shown in Table 9.

The expanded comparison shows that the final improvement is not caused by detector
ensembling alone. YOLO11-seg-only and RT-DETR-only snapshot variants improve the
endpoint baseline only modestly, and the detector ensemble snapshot still remains limited
because it cannot observe intermediate product motion. This confirms that the main
limitation of snapshot-based recognition is not only detector accuracy, but also the absence
of temporal event semantics. Single-camera tracking improves recall compared with
snapshot recognition, but each camera has different weaknesses. Camera 0 provides a
more stable top-down view, while Camera 1 provides complementary oblique evidence
but is more affected by perspective distortion and shelf-depth ambiguity. This supports the
use of two cameras as independent visual witnesses rather than relying on a single view.
The comparison between ByteTrack with two-zone logic and three-zone FSM reasoning
shows the value of explicit zone-aware event interpretation. Tracking alone preserves more
candidate movements, but it also increases false positives caused by hand-induced motion,
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shelf re-settling, and short ambiguous tracks. The three-zone finite-state model suppresses
many of these noisy trajectories by distinguishing TAKEN, RETURNED, INSPECTED,
UNKNOWN, and SPURIOUS events.

Table 9. Expanded baseline and component ablation comparison.

Method Precision Recall F1-Score Main Observation

Snapshot-difference baseline 0.944 0.665 0.780 Conservative endpoint-only recognition; many true
pickups are missed

YOLO11-seg snapshot only 0.931 0.696 0.796 Stable for larger bottle-like products but still
endpoint-limited

RT-DETR snapshot only 0.918 0.714 0.803 More sensitive to small products but still lacks
motion evidence

Detector ensemble snapshot 0.927 0.744 0.825
Detector ensembling improves endpoint

recognition but cannot model pickup/return
motion

Camera 0 only + tracking 0.902 0.842 0.871 Perpendicular view is stable but sensitive to hand
occlusion

Camera 1 only + tracking 0.884 0.815 0.848
Oblique view provides complementary evidence

but introduces more
geometric ambiguity

ByteTrack + two-zone logic 0.893 0.921 0.907 Tracking improves recall but introduces more false
positives

Three-zone FSM without fusion 0.922 0.890 0.906 Zone-aware event reasoning suppresses some noisy
trajectories

Symmetric union fusion 0.881 0.943 0.911 High recall but less suitable for billing because false
positives increase

Intersection-only fusion 0.972 0.767 0.857 Very conservative; misses true pickups when one
camera is occluded

Proposed evidence-gated fusion 0.963 0.925 0.944 Best balance between recall and billing-oriented
precision

The fusion comparison further clarifies the role of the proposed evidence-gated cross-
camera fusion rule. Symmetric union achieves high recall but increases the risk of false positives,
which is undesirable in a billing application. Intersection-only fusion achieves high precision
but suppresses genuine pickups when one camera is occluded or fails to generate a complete
track. The proposed evidence-gated fusion achieves the best overall balance, with precision
of 0.963, recall of 0.925, and F1-score of 0.944. This confirms that the proposed framework
improves transaction recognition through the combined effect of temporal tracking, zone-aware
finite-state reasoning, and auditable cross-camera evidence gating.

6.2. Diagnostic Analysis: Transaction-Level, Per-Class, and Error-Case Evaluation

Aggregate metrics such as precision, recall, and F1-score provide an overall view of
system performance, but they do not fully explain how a smart vending recognition system
behaves at the receipt level. Since the final output of the proposed system is a transaction
receipt rather than an isolated object detection result, we provide additional diagnostic
analysis at the transaction, product-class, and error-case levels (see Table 10). A transaction
was considered exactly correct when the predicted product classes and quantities matched
the ground-truth receipt for the entire transaction. A partially correct transaction indicates
that at least one product was correctly identified, but the receipt contained either a missed
item, an extra item, or a wrong product class. An incorrect transaction indicates that the
predicted receipt did not match the ground truth in a practically useful way.
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Table 10. Transaction-level receipt accuracy.

Method Correct Receipts Partially Correct Receipts Incorrect Receipts Exact Receipt Accuracy

Snapshot-difference baseline 142/220 51/220 27/220 0.645
ZAB-Fusion v4 198/220 17/220 5/220 0.900

The snapshot-difference baseline generated completely correct receipts for 142 of
220 transactions, corresponding to an exact receipt accuracy of 0.645. In contrast, the
proposed ZAB-Fusion configuration generated completely correct receipts for 198 of 220
transactions, increasing exact receipt accuracy to 0.900. This result is important because the
final commercial output of a smart vending system is the transaction receipt. Therefore,
receipt-level accuracy provides a more application-oriented evaluation than event-level
F1-score alone. The improvement in receipt accuracy shows that explicit motion semantics
reduce the number of transactions affected by missed pickups or ambiguous product
movements. The baseline often failed when a product was removed during the middle of
the transaction but was not clearly represented in the endpoint frames. ZAB-Fusion reduced
this failure mode by using continuous tracking, zone-aware finite-state interpretation, and
evidence-gated cross-camera fusion.

To make the evaluation more transparent, Table 11 presents representative transaction-level
examples. Each row shows the ground-truth receipt, the output of the snapshot-difference
baseline, the output of ZAB-Fusion, and the corresponding diagnostic interpretation.

Table 11. Representative transaction-level diagnostic examples.

Transaction Type Ground Truth Snapshot-Difference
Output

ZAB-Fusion
Output Diagnostic Interpretation

Clean single-item
pickup Fanta 0.5 L × 1 Fanta 0.5 L × 1 Fanta 0.5 L × 1 Both methods correct

Small-item pickup Snickers 80 g × 1 Empty receipt Snickers 80 g × 1
ZAB-Fusion recovers

small-item motion missed
by endpoint comparison

Multiple-item pickup Moxito 0.5 L × 1;
Twix 75 g × 1 Moxito 0.5 L × 1 Moxito 0.5 L × 1; Twix

75 g × 1
Baseline misses the small

confectionery item

Pickup and return Chortoq 0.5 L
returned Chortoq 0.5 L × 1 Empty receipt ZAB-Fusion correctly

suppresses returned item

Inspection without
purchase

Super Kontik 100 g
inspected Super Kontik 100 g × 1 Empty receipt

Zone-aware FSM prevents
inspection from

being billed

Shelf re-settling after
pickup Fanta 0.5 L × 1 Fanta 0.5 L × 1; Moxito

0.5 L × 1 Fanta 0.5 L × 1
Evidence-gated fusion

suppresses false positive
caused by shelf movement

Visually similar
products Twix 75 g × 1 Super Kontik 100 g × 1 Twix 75 g × 1

Tracking and multi-view
evidence reduce
class confusion

Strong occlusion Moxito 0.5 L × 1 Empty receipt Moxito 0.5 L × 1
Single-view TAKEN

evidence admitted when
opposite view is occluded

These representative cases show that ZAB-Fusion improves recognition mainly in
transactions involving small products, temporary occlusions, pickup–return actions, and
intermediate product motion. The baseline performs well when the initial and final product
states are clearly visible, but it fails when the decisive transaction evidence occurs between
the endpoint frames.

To avoid overstating the available per-class evidence, Table 12 reports class-specific
diagnostic observations rather than quantitative per-class performance metrics. The quanti-
tative event-level performance of the complete system is reported at the overall level using
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TP, FP, FN, precision, recall, and F1-score. The per-class table is used only to summarize the
dominant qualitative error patterns observed for each product class, such as small-object
miss detection, occlusion sensitivity, visual similarity, and shelf re-settling effects. The
seven product classes differ in size, shape, packaging appearance, and visibility in the two
camera views. Large bottle-like products are generally easier to localize and track, whereas
small confectionery products are more sensitive to occlusion, blur, and class confusion.
Table 12 summarizes the per-class diagnostic patterns observed in the evaluation.

Table 12. Per-class diagnostic observations.

Product Class Object Type Main Visual Challenge Diagnostic Observation

18 + 0.45 L Bottle Large object;
moderate reflection

Stable detection and tracking
in both views

Chortoq 0.5 L Bottle Similar bottle shape to
other drinks

Occasional confusion under
hand occlusion

Fanta 0.5 L Bottle Bright packaging;
high visibility

Reliable detection and
trajectory interpretation

Moxito 0.5 L Bottle Partial occlusion during
removal

Continuous tracking improves
recovery over snapshot

comparison

Snickers 80 g Small confectionery Small pixel height;
hand occlusion

Main source of remaining
false negatives

Super Kontik 100 g Small confectionery Similar shelf position and
size to Twix

Occasional confusion
with Twix

Twix 75 g Small confectionery Similar packaging and size
to Super Kontik

Sensitive to shelf re-settling
and short visibility

Table 12 should be interpreted as a qualitative diagnostic summary. It identifies which
product classes were more affected by small object size, partial hand occlusion, packaging
similarity, or shelf re-settling. The table is not intended to replace quantitative per-class
evaluation. The overall quantitative results are reported in above sections, where event-
level TP, FP, FN, precision, recall, F1-score, and transaction-level exact receipt accuracy
are provided. The per-class analysis confirms that most remaining errors occur for small
confectionery products. These products occupy a smaller region in the image than bottles
and are more likely to be occluded by the customer’s hand during pickup. In addition,
Twix 75 g and Super Kontik 100 g have similar size and shelf placement, which can lead
to class confusion when the product is visible for only a few frames. The most frequent
class-confusion pattern occurred between Twix 75 g and Super Kontik 100 g. This confusion
is caused by three factors. First, both products are small confectionery items and occupy
fewer pixels than beverage bottles. Second, they are often placed in nearby shelf positions.
Third, during customer interaction, they may be partially covered by the hand or by
neighboring products. Under these conditions, frame-level detectors sometimes produce
inconsistent class labels along the same track. ZAB-Fusion reduces this problem in two
ways. First, track-level class assignment is based on majority voting over all frame-level
detections in the track rather than on a single frame. Second, event-level fusion can use
complementary evidence from the second camera when one camera produces an unstable
class prediction. However, confusion between visually similar small products remains
one of the main residual error modes. Future work will address this issue using stronger
fine-grained product embeddings, hand–object interaction constraints, and trajectory-level
instance separation. The remaining errors were grouped into three diagnostic categories:
true positives, false positives, and false negatives.
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True-positive cases: True positives usually occurred when a product trajectory showed
a clear movement from the SHELF zone through the MIDDLE zone toward the EXIT zone.
In these cases, the compressed zone sequence was typically [SHELF, MIDDLE, EXIT] or
[SHELF, EXIT]. These trajectories were reliably classified as TAKEN by the finite-state event
classifier. The evidence was strongest when both cameras observed the product motion,
but ZAB-Fusion could also admit high-confidence single-camera TAKEN evidence when
the opposite view was temporarily occluded.

False-positive cases: False positives mainly occurred when a non-purchased product
moved because of shelf re-settling or hand-induced contact. For example, when a customer
removed a neighboring product, another product could shift from the SHELF zone toward
the MIDDLE zone and then return to the shelf. If this movement was only partially
observed, the resulting track could resemble a TAKEN event. Evidence-gated fusion
reduced this problem by rejecting isolated UNKNOWN events and ambiguous tracks, but
a small number of false positives remained.

False-negative cases: False negatives mainly occurred for small products that were
visible for only a short time during removal. Snickers 80 g, Twix 75 g, and Super Kontik
100 g were more likely to be missed than larger, bottle-like products. These errors were
often associated with hand occlusion, motion blur, short track duration, or low detector
confidence. Some false negatives were caused by tracks being filtered as SPURIOUS because
they were shorter than five frames or had mean confidence below 0.35.

Overall, the diagnostic analysis shows that ZAB-Fusion improves transaction recog-
nition by converting intermediate product motion into auditable event evidence. The
remaining errors are mainly associated with small-product visibility, visually similar pack-
aging, shelf re-settling, and hand occlusion. These findings motivate future extensions
involving hand–object interaction modeling, fine-grained product re-identification, and
improved tracking of multiple identical items.

6.3. Runtime Performance and Real-Time Feasibility

The runtime performance of the proposed ZAB-Fusion framework was evaluated
on an Intel N100 CPU-only edge device. Since the target application is a smart vending
cabinet, it is important to distinguish between three different time-related quantities: the
recorded transaction duration, the number of raw frames generated by the cameras, and the
computational latency required to generate the receipt after the transaction is completed.

In the evaluated dataset, the average transaction duration was 27.4 s. At approxi-
mately 29 frames per second, this corresponds to about 800 raw frames per camera and
approximately 1600 raw frames for the two-camera transaction. However, the proposed
deployment mode does not apply YOLO11-seg and RT-DETR exhaustively to every raw
frame. Instead, ZAB-Fusion uses a selected-frame transaction-processing protocol. After
removing lid-opening and lid-closing buffer intervals, the system selects motion-relevant
frames using temporal spacing and visual-change evidence. Detector inference is then
applied only to the selected frames, while redundant neighboring frames are not processed
by the detector ensemble.

Under this selected-frame protocol, the average number of frames used for detector
inference was 8 frames per camera, corresponding to 16 selected frames per complete
two-camera transaction. All selected frames were resized to 640 × 640 pixels before
detector inference. The runtime reported in this study therefore represents the wall-clock
latency of the selected-frame transaction-recognition configuration, not exhaustive full-
frame processing of all approximately 1600 raw frames.

Table 13 shows the runtime breakdown. The total average processing latency was
562 ms per transaction. This includes frame preprocessing, orientation correction, detec-
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tor inference on selected frames, detector-output merging, non-maximum suppression,
ByteTrack association, zone classification, finite-state event interpretation, evidence-gated
cross-camera fusion, and receipt construction. Video acquisition time was not included
because it occurs during the customer interaction itself. Exhaustive raw-frame decoding
was also not included because the deployed workflow operates on selected transaction
frames after the lid-close event.

Table 13. Runtime breakdown under the selected-frame transaction-processing protocol on Intel
N100 CPU hardware.

Stage Wall Time Per Transaction (ms) Percentage of Total

YOLO11-seg inference on
selected frames 241 42.9%

RT-DETR inference on
selected frames 221 39.3%

Frame preprocessing,
detection merging,

and NMS
78 13.9%

ByteTrack association 12 2.1%
Zone classifier, FSM, and

evidence-gate fusion 3 0.5%

Logging and receipt
construction 7 1.2%

Total 562 100.0%

The runtime results show that detector inference is the dominant computational
component. YOLO11-seg and RT-DETR together required 462 ms per transaction, cor-
responding to 82.2% of the total runtime. In contrast, the proposed symbolic reasoning
stages, including zone classification, finite-state event interpretation, and evidence-gated
cross-camera fusion, required only 3 ms in total. ByteTrack association required 12 ms.
These results indicate that the proposed motion-semantics layer adds negligible computa-
tional overhead compared with detector inference. The reported 562 ms latency should
therefore be interpreted carefully. It does not mean that the Intel N100 CPU-only device
processed all approximately 1600 raw frames with two deep detectors in less than one
second. Full-frame exhaustive inference over every frame from both cameras would require
substantially higher computational cost and is not the deployment mode evaluated in
this study. The selected-frame protocol is an essential part of the edge-processing design
because transaction-level receipt generation depends on representative product-motion
evidence rather than on redundant frame-by-frame analysis. From a practical deployment
perspective, the proposed framework supports near-real-time post-closure receipt genera-
tion. In the evaluated workflow, the customer opens the cabinet, interacts with the products,
closes the lid, and then the selected-frame recognition pipeline generates the receipt. Since
the average recorded transaction duration is 27.4 s and the average post-closure processing
latency is 562 ms, the receipt can be generated shortly after the transaction ends. This
latency is suitable for asynchronous post-transaction billing and near-real-time customer
receipt generation in the evaluated cabinet setting.

However, the current implementation should not be interpreted as a full real-time
video analytics system that processes every incoming frame with both detectors during
the transaction. Stricter instant-checkout scenarios, continuous frame-level monitoring,
or larger product catalogues may require additional acceleration. Future optimization
will therefore focus on detector quantization, pruning, adaptive frame selection, motion-
triggered inference, single-detector operation under stable conditions, and hardware ac-
celeration using low-power GPU or NPU modules. These improvements are expected to
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reduce latency further while preserving the interpretability and auditability of the proposed
zone-aware event-reasoning framework.

6.4. Failure Case Diagnostics

To understand the remaining errors in the released configuration, all false positives
were manually inspected (see Table 14). ZAB-Fusion v4 produced 8 false-positive TAKEN
events over 220 transactions. These errors were mainly associated with passive shelf re-
settling, hand-induced product motion, short unstable tracks, and class confusion between
visually similar small confectionery products. These false positives belong to three different
categories. The first false positive was a phantom MIDDLE track. Its compressed zone
sequence was [MIDDLE], so the finite-state classifier labelled it as UNKNOWN. The event
was later admitted because the opposite camera independently produced a TAKEN event
of the same class. The root cause was partial occlusion and detector instability around a
product hidden behind another item. The second false positive was a class-flip between
visually similar confectionery products, especially Twix and Super Kontik. The trajectory
itself was correctly classified as TAKEN, but the track-level majority class label was wrong
because the detector confidence margin between the two classes was small. The third
false positive was a short ghost track near the exit region. Although the track barely
passed the length and confidence thresholds, it was paired with an incorrect event from the
opposite camera and therefore survived the fusion process. These errors indicate that the
remaining false positives are not caused by one systematic weakness of the FSM. Instead,
they arise from different sources: detector misclassification, partial occlusion, unstable
track generation, and incorrect cross-camera confirmation. Therefore, future improvements
should target detector retraining, hard-negative mining, hand–product interaction gating,
and track-level fusion. The false negatives are mostly detection-level failures. If the detector
fails to produce enough valid observations for a small product, ByteTrack cannot generate
a stable track, and the downstream zone classifier has no trajectory to interpret. This is
especially problematic for small confectionery items such as Snickers, Twix, and Super
Kontik, which may occupy only approximately 25–40 pixels in height in some views. Thus,
ZAB-Fusion improves decision-level reasoning, but it cannot fully compensate for missing
or consistently incorrect detector outputs. The framework should therefore be considered
complementary to detector retraining rather than a replacement for it.

Direct numerical comparison with previously published retail vision systems is diffi-
cult because datasets, cabinet geometry, product catalogues, sensing hardware, annotation
protocols, and billing definitions differ substantially across studies. Therefore, instead of re-
porting non-comparable performance values, this section provides a contextual comparison
of system characteristics.

Table 14. Contextual comparison with adjacent retail vision systems.

Approach Type Main Sensing
Input

Temporal
Reasoning

Multi-Camera
Fusion

Billing
Interpretability Main Limitation

Static product
recognition

Single image or
isolated frame No No Low

Cannot infer taken,
returned, or

inspected events
Snapshot-
difference
checkout

Start/end frames No Optional Moderate
Blind to

intermediate
product motion

Generic object
tracking Video stream Yes Usually no Moderate

Produces tracks
but not

receipt-level events
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Table 14. Cont.

Approach Type Main Sensing
Input

Temporal
Reasoning

Multi-Camera
Fusion

Billing
Interpretability Main Limitation

Learned video
classifier Video sequence Implicit Possible Low

Limited
auditability of

decisions

Stereo/depth-
based sensing

Calibrated
multi-view or
depth input

Possible Geometric fusion Moderate

Requires
calibration,

synchronization, or
depth hardware

RFID/weight-
assisted checkout

RFID tags, weight
sensors, shelf load

cells

Not primarily
visual Sensor-level fusion High

Requires
additional

hardware and
maintenance

Proposed
ZAB-Fusion

Two asynchronous
camera sensors

only

Explicit zone-state
reasoning

Evidence-gated
event-level fusion High

Evaluated on one
cabinet and one
deployment site

This table is intended as a contextual comparison rather than a direct benchmark
ranking. The proposed method differs from static recognition and snapshot-difference
approaches because it explicitly models product motion. It also differs from generic multi-
object tracking because it converts trajectories into auditable transaction-level events. Since
published systems are evaluated under different datasets and operating assumptions, direct
numerical comparison is not reported here.

6.5. Limitations and Threats to Validity

Several limitations should be acknowledged. First, although the evaluation dataset
contains 220 in-service transactions, 227 ground-truth TAKEN events, and 87 RETURNED
events, it was collected from one cabinet and one deployment site. Therefore, the results
should be interpreted as single-site in-service validation rather than definitive evidence
of general performance across all smart vending environments. Lighting conditions, cam-
era placement, cabinet geometry, product arrangement, customer behavior, condensation
patterns, and packaging appearance may vary across deployments. Broader validation
using multiple cabinet models, different camera placements, more diverse product layouts,
and multiple store environments is required before making stronger claims about general
commercial robustness. Second, the current evaluation does not systematically cover all
challenging operating conditions that may occur in practical vending deployments. These
include dim lighting, severe internal condensation, strong reflections, extreme hand oc-
clusion, highly cluttered shelf layouts, and rapid consecutive interactions. Although the
collected transactions include real customer interactions, pickup–return cases, inspection
actions, occlusion, and shelf re-settling events, the coverage of such difficult conditions
remains limited. Future experiments should therefore include controlled stress tests under
challenging illumination, reflection, condensation, occlusion, and dense-product-placement
conditions. Third, the current framework does not explicitly model the customer’s hand or
hand–object contact. ZAB-Fusion infers product-removal events from product tracks and
zone transitions. The finite-state event classifier suppresses many non-purchase trajectories
by assigning static shelf tracks, short tracks, low-confidence tracks, returned products,
inspected products, and isolated ambiguous tracks to non-billing categories. However,
false positives may still occur when an untouched product moves passively because of shelf
re-settling, contact with a neighboring product, or indirect hand-induced motion. Since
not every product movement corresponds to a customer purchase, future versions should
incorporate hand detection, hand–product proximity constraints, contact-state estimation,
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and temporal causality analysis between hand motion and product motion. Such extensions
could help distinguish active product removal from passive product displacement. Fourth,
the current evidence-gated fusion rule operates primarily at the accepted event and product-
class quantity level. Each accepted event retains its camera source, track identifier, product
class, compressed zone sequence, event label, confidence score, and fusion decision for
auditability. However, the present implementation does not fully resolve instance identity
when multiple identical products are removed in close temporal proximity. If two visually
identical products are taken consecutively or simultaneously under severe occlusion, frag-
mented or overlapping tracks may lead to undercounting or overcounting. Future work
should therefore investigate trajectory-level instance separation, cross-view track matching,
temporal spacing constraints, and product-instance re-identification. Fifth, the framework
depends on the quality of detector and tracker outputs. Although ZAB-Fusion improves
transaction recognition by converting product tracks into auditable motion events, missed
detections, fragmented tracks, identity switches, and class confusion can still affect the final
receipt. These issues are especially relevant for small confectionery products and visually
similar packaging. Future work will optimize the detection and tracking modules through
small-product detector fine-tuning, fine-grained SKU representation learning, stronger
temporal association, and improved cross-camera track consistency.

Finally, lightweight optimization remains important for broader deployment. Run-
time analysis shows that the average processing latency is 562 ms per transaction on the
Intel N100 CPU-only edge device, and the symbolic reasoning stages require only 3 ms.
Therefore, the current implementation is compatible with near-real-time post-closure re-
ceipt generation in the evaluated workflow. However, stricter instant-checkout scenarios
may require lower latency. Future optimization will focus on detector quantization, prun-
ing, motion-triggered frame selection, adaptive frame skipping, single-detector operation
under stable conditions, and hardware acceleration using low-power GPU or NPU mod-
ules. These improvements are expected to further reduce latency while preserving the
interpretability and auditability of the proposed zone-aware event-reasoning framework.

7. Conclusions
This paper presented ZAB-Fusion, a dual-camera edge sensing framework with zone-

aware multi-object tracking for sensorless smart vending cabinets. The proposed framework
addresses the limitations of endpoint-based snapshot-difference recognition, which com-
pares only the initial and final transaction frames and therefore cannot explicitly represent
intermediate product motion, such as pickup, return, inspection, temporary occlusion, and
shelf re-settling. ZAB-Fusion transforms frame-level product detections into auditable
transaction-level events. The framework combines YOLO11-seg and RT-DETR detection,
ByteTrack temporal association, a three-zone vertical cabinet model, finite-state event inter-
pretation, and evidence-gated cross-camera fusion. Each product trajectory is converted
into a symbolic zone sequence and classified as TAKEN, RETURNED, INSPECTED, UN-
KNOWN, or SPURIOUS. The camera-specific event streams are then fused to generate the
final product-level receipt.

The framework was evaluated on 220 in-service transactions containing 227 ground-
truth TAKEN events and 87 RETURNED events across seven product classes. Compared
with the snapshot-difference baseline, ZAB-Fusion improved recall from 0.665 to 0.925
and F1-score from 0.780 to 0.944, while maintaining high precision of 0.963. At the trans-
action level, exact receipt accuracy increased from 0.645 to 0.900. Runtime analysis on an
Intel N100 CPU-only edge device showed an average processing latency of 562 ms per
transaction under the selected-frame inference protocol. This result supports near-real-
time post-closure receipt generation in the evaluated deployment mode, but it should
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not be interpreted as exhaustive processing of all raw frames in both camera streams.
Full-frame processing or stricter instant-checkout scenarios would require further detector
optimization, adaptive frame selection, or hardware acceleration. These results show that
explicit motion semantics and auditable cross-camera fusion can improve transaction-level
recognition in sensorless smart vending cabinets without adding RFID tags, weight sen-
sors, shelf load cells, or other product-level sensing hardware. The main contribution
of this work is not a new detector architecture, but an interpretable framework that con-
verts visual product trajectories into receipt-level decisions under realistic dual-camera
cabinet constraints.

The current framework also has two important limitations related to industrial de-
ployment. First, the fusion rule counts accepted product-removal events primarily at
the product-class level and does not yet provide complete instance-level separation for
multiple identical products removed consecutively under severe occlusion. Second, the
framework does not explicitly model hand–object interaction, which limits its ability to
distinguish genuine product removal from passive shelf movement or indirect product
displacement. Future work will address these issues by integrating trajectory-level instance
separation, cross-view track matching, product-instance re-identification, hand detection,
hand–product contact modeling, and temporal causality constraints. These extensions are
necessary for improving robustness in dense product layouts and for moving closer to a
complete industrial billing solution.

Author Contributions: Conceptualization, H.S.J., A.S.B., F.R. and R.A.; methodology, H.S.J., A.S.B.,
S.B., G.S. and R.S.; software, A.A. (Abbos Abduvaytov), S.-M.S., F.R. and A.A. (Aziza Axmedova);
validation, A.A. (Abbos Abduvaytov), A.S.B., S.-M.S. and R.A.; formal analysis, A.S.B., F.R., S.-M.S.
and R.S.; investigation, H.S.J., S.B., R.S. and G.S.; resources, R.A., A.A. (Abbos Abduvaytov) and
R.S.; data curation, A.A. (Aziza Axmedova), F.R. and S.B.; writing—original draft preparation, A.S.B.
and H.S.J.; writing—review and editing, H.S.J., C.L. and G.S.; visualization, A.S.B., A.A. (Abbos
Abduvaytov) and S.-M.S.; supervision, H.S.J. and C.L.; project administration, H.S.J., R.S. and C.L.;
funding acquisition, G.S., A.A. (Aziza Axmedova) and C.L. All authors have read and agreed to the
published version of the manuscript.

Funding: This work was supported by the National Research Foundation of Korea (NRF) grant
funded by the Korea government (MSIT) (No. RS-2024-00412141). This research was also supported
by the Regional Innovation System & Education (RISE) program through the (Chungbuk Regional
Innovation System & Education Center), funded by the Ministry of Education (MOE) and the
(Chungcheongbuk-do), Republic of Korea (2026-RISE-11-003-03).

Institutional Review Board Statement: Not applicable. The videos were used only for technical eval-
uation of product-level transaction recognition. The study did not perform biometric identification, face
recognition, customer re-identification, behavioral profiling, payment analysis, or demographic analysis.

Informed Consent Statement: Informed consent was obtained from all subjects involved in
the study.

Data Availability Statement: The transaction videos used in this study are not publicly available
because they were collected from a real in-service smart vending deployment and may contain
incidental customer interactions and commercially sensitive operational information. To protect
privacy and deployment confidentiality, raw videos cannot be shared publicly. Aggregated numerical
results, derived non-identifiable statistics, and selected anonymized examples may be made available
from the corresponding author upon reasonable request, subject to permission from the deployment
operator and applicable privacy restrictions.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/s26165213

https://doi.org/10.3390/s26165213


Sensors 2026, 26, 5213 38 of 39

References
1. Szabó-Szentgróti, E.; Rámháp, S.; Kézai, P.K. Systematic Review of Cashierless Stores (Just Walk Out Stores): Revolutionizing the

Retail. Manag. Mark. Chall. Knowl. Soc. 2023, 18, 427–448. [CrossRef]
2. Schögel, M.; Lienhard, S. Cashierless Stores—The New Way to the Customer? Mark. Rev. St. Gall. 2020, 37, 38–47.
3. Liu, L.; Cui, J.; Huan, Y.; Zou, Z.; Hu, X.; Zheng, L. A Design of Smart Unmanned Vending Machine for New Retail Based on

Binocular Camera and Machine Vision. IEEE Consum. Electron. Mag. 2022, 11, 21–31. [CrossRef]
4. Xu, J.; Li, Y.; Wang, J.; Li, X.; Zhang, Y. Research on Product Detection and Recognition Methods for Intelligent Vending Machines.

Front. Neurosci. 2023, 17, 1288908. [CrossRef] [PubMed]
5. Buriboev, A.S.; Abduvaitov, A.; Jeon, H.S. Integrating Color and Contour Analysis with Deep Learning for Robust Fire and Smoke

Detection. Sensors 2025, 25, 2044. [CrossRef] [PubMed]
6. Li, J.; Tang, Y.; Zhang, X.; Wang, H.; Liu, Y. BP-YOLO: A Real-Time Product Detection and Shopping Behaviors Recognition

Model for Intelligent Unmanned Vending Machine. IEEE Access 2024, 12, 21038–21051. [CrossRef]
7. Zhou, Z.; Chen, X.; Li, E.; Zeng, L.; Luo, K.; Zhang, J. Edge Intelligence: Paving the Last Mile of Artificial Intelligence with Edge

Computing. Proc. IEEE 2019, 107, 1738–1762. [CrossRef]
8. Buriboev, A.; Muminov, A. Computer State Evaluation Using Adaptive Neuro-Fuzzy Inference Systems. Sensors 2022, 22, 9502.

[CrossRef] [PubMed]
9. Singh, R.; Gill, S.S. Edge AI: A Survey. Internet Things Cyber-Phys. Syst. 2023, 3, 71–92. [CrossRef]
10. Deng, S.; Zhao, H.; Fang, W.; Yin, J.; Dustdar, S.; Zomaya, A.Y. Edge Intelligence: The Confluence of Edge Computing and

Artificial Intelligence. IEEE Internet Things J. 2020, 7, 7457–7469. [CrossRef]
11. Merenda, M.; Porcaro, C.; Iero, D. Edge Machine Learning for AI-Enabled IoT Devices: A Review. Sensors 2020, 20, 2533.

[CrossRef] [PubMed]
12. Wang, X.; Han, Y.; Leung, V.C.M.; Niyato, D.; Yan, X.; Chen, X. Convergence of Edge Computing and Deep Learning: A

Comprehensive Survey. IEEE Commun. Surv. Tutor. 2020, 22, 869–904. [CrossRef]
13. Wei, X.-S.; Cui, Q.; Yang, L.; Wang, P.; Liu, L. RPC: A Large-Scale Retail Product Checkout Dataset. arXiv 2019, arXiv:1901.07249.
14. Goldman, E.; Herzig, R.; Eisenschtat, A.; Goldberger, J.; Hassner, T. Precise Detection in Densely Packed Scenes. In Proceedings

of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Long Beach, CA, USA, 15–20 June 2019;
pp. 5227–5236.

15. Bai, Y.; Chen, Y.; Yu, W.; Wang, L.; Zhang, W. Products-10K: A Large-Scale Product Recognition Dataset. arXiv 2020,
arXiv:2008.10545.

16. Jund, P.; Abdo, N.; Eitel, A.; Burgard, W. The Freiburg Groceries Dataset. arXiv 2016, arXiv:1611.05799.
17. George, M.; Floerkemeier, C. Recognizing Products: A Per-Exemplar Multi-Label Image Classification Approach. In Proceedings

of the European Conference on Computer Vision Workshops (ECCV Workshops), Zurich, Switzerland, 6–7 September 2014;
pp. 440–455.

18. Merler, M.; Galleguillos, C.; Belongie, S. Recognizing Groceries in Situ Using In Vitro Training Data. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition Workshops (CVPR Workshops), Minneapolis, MN, USA, 17–22 June 2007.

19. Tojiyev, M.; Himmatov, I.; Chiniyev, O. Intelligent Adaptive Algorithm for Boundary Detection of Dynamically Changing Regions
in Video Sequences. In Proceedings of the 2026 International Russian Smart Industry Conference (SmartIndustryCon), Sochi,
Russia, 23–27 March 2026; pp. 96–101. [CrossRef]

20. Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You Only Look Once: Unified, Real-Time Object Detection. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 779–788.

21. Lin, T.-Y.; Goyal, P.; Girshick, R.; He, K.; Dollár, P. Focal Loss for Dense Object Detection. In Proceedings of the IEEE International
Conference on Computer Vision (ICCV), Venice, Italy, 22–29 October 2017; pp. 2980–2988.

22. Tagmatova, Z.; Umirzakova, S.; Kutlimuratov, A.; Abdusalomov, A.; Im Cho, Y. A Hyper-Attentive Multimodal Transformer for
Real-Time and Robust Facial Expression Recognition. Appl. Sci. 2025, 15, 7100. [CrossRef]

23. Lolaev, M.; Madrakhimov, S.; Makharov, K.; Saidov, D. Choosing allowability boundaries for describing objects in subject areas.
IAES Int. J. Artif. Intell. (IJ-AI) 2024, 13, 329–336. [CrossRef]

24. Zhao, Y.; Lv, W.; Xu, S.; Wei, J.; Wang, G.; Dang, Q.; Liu, Y.; Chen, J. DETRs Beat YOLOs on Real-Time Object Detection. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 17–21 June
2024; pp. 16965–16974.

25. Wei, Y.; Tran, S.; Xu, S.; Kang, B.; Springer, M. Deep Learning for Retail Product Recognition: Challenges and Techniques. Comput.
Intell. Neurosci. 2020, 2020, 8875910. [CrossRef] [PubMed]

26. Wang, W.; Zhang, P.; Feng, D.; Sun, C. Smart Customer Service in Unmanned Retail Store enhanced by large language model. Sci.
Rep. 2024, 14, 19838. [CrossRef] [PubMed]

27. Kalman, R.E. A New Approach to Linear Filtering and Prediction Problems. J. Basic Eng. 1960, 82, 35–45. [CrossRef]
28. Kuhn, H.W. The Hungarian Method for the Assignment Problem. Nav. Res. Logist. Q. 1955, 2, 83–97. [CrossRef]

https://doi.org/10.3390/s26165213

https://doi.org/10.2478/mmcks-2023-0023
https://doi.org/10.1109/MCE.2021.3060722
https://doi.org/10.3389/fnins.2023.1288908
https://www.ncbi.nlm.nih.gov/pubmed/38027519
https://doi.org/10.3390/s25072044
https://www.ncbi.nlm.nih.gov/pubmed/40218557
https://doi.org/10.1109/ACCESS.2024.3361675
https://doi.org/10.1109/JPROC.2019.2918951
https://doi.org/10.3390/s22239502
https://www.ncbi.nlm.nih.gov/pubmed/36502208
https://doi.org/10.1016/j.iotcps.2023.02.004
https://doi.org/10.1109/JIOT.2020.2984887
https://doi.org/10.3390/s20092533
https://www.ncbi.nlm.nih.gov/pubmed/32365645
https://doi.org/10.1109/COMST.2020.2970550
https://doi.org/10.1109/SmartIndustryCon68821.2026.11492982
https://doi.org/10.3390/app15137100
https://doi.org/10.11591/ijai.v13.i1
https://doi.org/10.1155/2020/8875910
https://www.ncbi.nlm.nih.gov/pubmed/33273903
https://doi.org/10.1038/s41598-024-71089-9
https://www.ncbi.nlm.nih.gov/pubmed/39191847
https://doi.org/10.1115/1.3662552
https://doi.org/10.1002/nav.3800020109
https://doi.org/10.3390/s26165213


Sensors 2026, 26, 5213 39 of 39

29. Bewley, A.; Ge, Z.; Ott, L.; Ramos, F.; Upcroft, B. Simple Online and Realtime Tracking. In Proceedings of the IEEE International
Conference on Image Processing (ICIP), Phoenix, AZ, USA, 25–28 September 2016; pp. 3464–3468.

30. Wojke, N.; Bewley, A.; Paulus, D. Simple Online and Realtime Tracking with a Deep Association Metric. In Proceedings of the
IEEE International Conference on Image Processing (ICIP), Beijing, China, 17–20 September 2017; pp. 3645–3649.

31. Zhang, Y.; Wang, C.; Wang, X.; Zeng, W.; Liu, W. FairMOT: On the Fairness of Detection and Re-Identification in Multiple Object
Tracking. Int. J. Comput. Vis. 2021, 129, 3069–3087. [CrossRef]

32. Zhang, Y.; Sun, P.; Jiang, Y.; Yu, D.; Weng, F.; Yuan, Z.; Luo, P.; Liu, W.; Wang, X. ByteTrack: Multi-Object Tracking by Associating
Every Detection Box. In Proceedings of the European Conference on Computer Vision (ECCV), Tel Aviv, Israel, 23–27 October
2022; pp. 1–21.

33. Aharon, N.; Orfaig, R.; Bobrovsky, B.-Z. BoT-SORT: Robust Associations Multi-Pedestrian Tracking. arXiv 2022, arXiv:2206.14651.
34. Cao, J.; Weng, X.; Khirodkar, R.; Pang, J.; Kitani, K. Observation-Centric SORT: Rethinking SORT for Robust Multi-Object Tracking.

In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada,
18–22 June 2023; pp. 9686–9696.

35. Maggiolino, G.; Ahmad, A.; Cao, J.; Kitani, K. Deep OC-SORT: Multi-Pedestrian Tracking by Adaptive Re-Identification. In
Proceedings of the IEEE International Conference on Image Processing (ICIP), Kuala Lumpur, Malaysia, 8–11 October 2023.

36. Bernardin, K.; Stiefelhagen, R. Evaluating Multiple Object Tracking Performance: The CLEAR MOT Metrics. EURASIP J. Image
Video Process. 2008, 2008, 246309. [CrossRef]

37. Milan, A.; Leal-Taixé, L.; Reid, I.; Roth, S.; Schindler, K. MOT16: A Benchmark for Multi-Object Tracking. arXiv 2016,
arXiv:1603.00831.

38. Dendorfer, P.; Rezatofighi, H.; Milan, A.; Shi, J.; Cremers, D.; Reid, I.; Roth, S.; Schindler, K.; Leal-Taixé, L. MOT20: A Benchmark
for Multi-Object Tracking in Crowded Scenes. arXiv 2020, arXiv:2003.09003.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26165213

https://doi.org/10.1007/s11263-021-01513-4
https://doi.org/10.1155/2008/246309
https://doi.org/10.3390/s26165213

	Introduction 
	Related Works 
	Vision-Based Retail Product Recognition and Embedded Detection Systems 
	Multi-Object Tracking, Event Reasoning, and Multi-Camera Fusion 

	System Architecture and Problem Formulation 
	Smart Vending Cabinet Hardware Configuration 
	Video-Based Transaction Recognition Problem 
	Snapshot-Difference Baseline 
	Design Requirements for the Proposed Framework 

	Proposed ZAB-Fusion Framework 
	Per-Frame Detection Ensemble 
	ByteTrack-Based Temporal Association 
	Zone-Aware Track Representation 
	Finite-State Event Classification 
	Evidence-Gated Cross-Camera Fusion 

	Experimental Setup 
	In-Service Transaction Dataset 
	Ground-Truth Annotation Protocol 
	Baseline and Compared Configurations 
	Evaluation Metrics 
	Zone-Boundary Calibration Evaluation 
	Runtime Measurement Protocol 
	Implementation Details and Reproducibility Parameters 

	Results and Discussion 
	Calibration Trajectory from Snapshot-Difference to ZAB-Fusion 
	Diagnostic Analysis: Transaction-Level, Per-Class, and Error-Case Evaluation 
	Runtime Performance and Real-Time Feasibility 
	Failure Case Diagnostics 
	Limitations and Threats to Validity 

	Conclusions 
	References

