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Abstract

Waste management on university campuses is complicated by the constant change in
packaging types, which existing waste-sorting systems cannot recognise unless they are
retrained. Open-vocabulary object detectors can identify objects from text descriptions
instead of a fixed list of categories, offering a possible solution to this problem. However, it
is not known how well this ability survives when such a detector is fine-tuned and deployed
on low-power hardware. This paper presents EcoSortBin, a waste-sorting system built on
the YOLOE-26 detector and deployed on a Raspberry Pi 4. YOLOE-26 was first fine-tuned
on a 1330-image campus waste dataset covering seven classes, with masks generated using
the Segment Anything Model, establishing a baseline called WasteYOLOE26-S with 74%
top-1 accuracy on known classes; however, this fine-tuning reduces the model’s ability
to recognise the same seven classes when they appear in a different dataset or setting.
RLPA (RepRTA-Compatible LoRA Prompt Adapters) addresses this by adapting only
the text-embedding component of the model using a small set of additional parameters
(16,384 parameters, rank 16), leaving the rest of the network unchanged; this restores
cross-domain generalisation but reduces top-1 accuracy on known classes to only 15%,
which is too low for practical use. To recover this accuracy without losing cross-domain
generalisation, frozen-backbone neck fine-tuning (NeckFT) was added, which fine-tunes
the feature-combining layers of the network while keeping the main backbone frozen,
preserving its pretrained visual–text alignment. Combining RLPA with NeckFT achieved
the best balance of the three approaches, with 73.5% top-1 accuracy and a Cross-Domain
Generalisation Ratio (CDGR) of 0.2435. To test whether this ability extends to genuinely new
categories, the model was further tested on 28 novel categories not seen during training,
totalling 840 images. RLPA + NeckFT showed consistent zero-shot generalisation to novel
objects with container-like shapes, such as bottles and jars. After quantisation for edge
deployment, the model kept its full accuracy ranking and produced a compact 41.8 MB file
suitable for the Raspberry Pi 4. These results show that RLPA + NeckFT gives a practical
balance of accuracy and generalisation for campus waste detection on low-power hardware.

Keywords: open-vocabulary detection; YOLOE-26; LoRA prompt adapters; neck fine-
tuning; zero-shot generalisation; campus waste; Raspberry Pi 4; edge AI; quantisation-
aware training

1. Introduction
Campus recyclable waste streams carry contamination rates of 40–70%, driven by

ambiguous bin labelling, the absence of point-of-disposal feedback, and limited student
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familiarity with packaging-specific recycling rules [1]. Automated waste detection at
collection points has the potential to reduce contamination in real time, but practical
deployment on embedded hardware such as the Raspberry Pi 4 (Cortex-A72 CPU, 8 GB
LPDDR4X) imposes strict constraints on model size and inference latency.

Previously proposed supervised waste classification approaches [2–7] achieve high
accuracy on fixed training vocabularies but fail silently on novel packaging categories not
seen during training. As consumer product lines evolve, this closed-vocabulary constraint
causes silent misclassification failures that cannot be corrected without full retraining—a
cycle incompatible with operational deployment timescales.

Open-vocabulary detection models based on CLIP [8] enable zero-shot detection
of new categories via natural language prompts. YOLOE-26s [9] achieves 29.9% LVIS
mAP via RepRTA re-parameterisation, which permanently folds the text encoder into the
weights of the classification head, eliminating any text-encoder dependency at inference—a
prerequisite for Raspberry Pi 4 deployment.

This paper makes four contributions, organised as a complete accuracy–generalisation
study:

1. WasteYOLOE26-S (full fine-tuning baseline): SAM-supervised fine-tuning of YOLOE-
26 achieves 74% top-1 accuracy across seven campus waste classes, establishing a
fine-tuned open-vocabulary waste detector on a Raspberry Pi 4 ARMv8. We charac-
terise the resulting CDGR collapse (6.055 → 0.0055) under domain-specific fine-tuning,
which motivates contributions 2 and 3.

2. RLPA: RepRTA-compatible LoRA prompt adapters modify only the MobileCLIP
text-embedding space, achieving CDGR = 3.451, with zero inference overhead and
RepRTA compatibility preserved. However, RLPA alone achieves only 15% top-1
accuracy on seen classes, since the adaptation of text embeddings cannot compensate
for the visual domain gap between COCO pretraining and campus waste appearance.

3. RLPA + NeckFT: To recover seen-class accuracy without repeating the CDGR collapse
of full fine-tuning, frozen-backbone neck fine-tuning adapts the visual feature fusion
layers while keeping the CLIP-aligned backbone intact, reaching 73.5% top-1 accuracy
(mAP50 = 0.538, CDGR = 0.2435) on the 98-image held-out test split. On a separate,
larger 840-image, 28-category validation set, it continues to produce confident predic-
tions for most novel categories (69.6% detection rate versus 12.0% for RLPA alone)
while recovering seen-class accuracy.

4. QAT robustness study: The first measurement of quantisation-aware training on
a waste-domain open-vocabulary embedding head reports Kendall τ = 1.00 rank
preservation and ∆Top-1 = +4 pp (vs. NeckFT), demonstrating that the model’s cosine
similarity ordering is stable under INT8-level numerical noise and confirming readi-
ness for INT8 deployment when toolchain support becomes available. A deployable
ONNX FP32 model (41.8 MB) has been released for Raspberry Pi 4; an NCNN artefact
is also provided for future native C++ deployment.

The remainder of the paper is organised as follows. Section 2 reviews related work.
Section 3 describes the EcoSortBin system and dataset. Section 4 presents the three-stage
methodology. Section 5 reports results. Section 6 discusses findings. Section 7 concludes
this paper.

2. Related Work
2.1. Automated Waste Classification

CNN-based waste classification was systematically studied by Aral et al. [2] and
Thung and Yang [3] on the TrashNet dataset, establishing a six-class waste vocabulary that
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became a de facto benchmark. TACO [10] extended this to 60 categories in outdoor litter
contexts. Detection-based approaches using YOLO-family architectures have been applied
to smart bin systems, with mAP50 values of 0.71–0.94 on restricted laboratory datasets [5,6].
More recent work has pushed accuracy further: GD-YOLOv10n [11] achieves 86.7% mAP
on a combined TACO and proprietary dataset at 121.7 FPS, and EcoDetect-YOLO [12]
applies CBAM attention with YOLOv5s to achieve 58.1% mAP in urban garbage detection.
Kunwar and Alade [13] evaluated YOLO-10n and YOLO-11n on the WaDaBa plastic waste
dataset, reporting mAP50 values of up to 0.992, demonstrating that supervised detectors can
achieve near-perfect accuracy on closed laboratory datasets. However, these high accuracy
numbers do not transfer to deployment. Bobulski and Kubanek reported significant
performance drops when models were evaluated on packaging collected six months after
training [7], highlighting the temporal-drift problem that arises when consumer product
lines evolve. This domain gap is persistent across all supervised approaches because
they share a fundamental constraint: adding a new waste category requires relabelling,
retraining, and redeployment. A 2025 systematic review [14] confirmed that embedded
waste detection deployment has relied on supervised models with fixed vocabularies,
leaving the accuracy–generalisation trade-off of fine-tuned open-vocabulary detectors on
constrained hardware unstudied.

2.2. Open-Vocabulary Object Detection

Open-vocabulary detection has advanced from CLIP [8] through GLIP [15] and
DETIC [16]. OWL-ViT [17] demonstrated that vision transformers could perform open-
vocabulary detection via image-level contrastive pretraining, but at inference costs incom-
patible with edge deployment. Grounding DINO [18] combines DINO with grounded
pre-training to achieve strong zero-shot performance, though its two-stage architecture
precludes real-time operation. YOLO-World [19] addressed this by integrating open-
vocabulary capability directly into the YOLO pipeline via RepVL-PAN, achieving 35.4%
LVIS mAP at real-time GPU speeds but still requiring the text encoder to update vocabulary
for new categories at deployment—a constraint on Pi-class hardware making re-encoding
impractical. YOLOE [20] addressed this through RepRTA re-parameterisation, which per-
manently folds the text encoder into the weights of the classification head, achieving 1.4×
speedup over YOLO-World and eliminating any text-encoder dependency at inference or
vocabulary update time. YOLOE-26s [9] achieves a 29.9% LVIS mAP with NMS-free infer-
ence, while YOLOE-26l reaches 36.8% LVIS mAP at ≈6 ms on T4 GPU (161 FPS). SAM [21]
provides the segmentation supervision that bridges the gap between bounding-box annota-
tions and the polygon masks required by YOLOESegment26, enabling our SAM-supervised
fine-tuning pipeline. None of these works has studied the accuracy–generalisation trade-
off that emerges when open-vocabulary detectors are fine-tuned on a narrow domain
such as campus waste, where the training vocabulary is deliberately smaller than the
deployment vocabulary.

2.3. Parameter-Efficient Fine-Tuning

LoRA [22] introduced low-rank decomposition of weight-update matrices for effi-
cient adaptation of large language models, reducing trainable parameters by orders of
magnitude while preserving task performance. Prompt tuning [23] and prefix tuning [24]
demonstrated that embedding-space adaptation can match full fine-tuning on many tasks
while preserving pretrained generalisation. Adapter methods [25] insert small, trainable
modules between frozen layers.

These techniques have been extended to vision-language models. CoOp [26] and
CoCoOp [27] apply context optimisation to CLIP’s text-embedding space to improve few-
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shot classification, demonstrating that adapting text prompts rather than visual weights
can improve domain performance without destroying zero-shot generalisation. CLIP-
Adapter [28] adds lightweight residual adapters to both CLIP’s visual and text branches,
achieving strong few-shot performance with only 0.1% of CLIP’s parameters trained. Visual
Prompt Tuning [29] prepends learnable tokens to vision transformer inputs, adapting visual
representations without modifying backbone weights.

However, none of these methods is designed for re-parameterisable detectors. Ap-
plying CoOp or CLIP-Adapter directly to YOLOE-26 would break RepRTA compatibil-
ity: the adapted embeddings would need to pass through the text encoder at inference
time, eliminating the zero-inference-overhead property that makes YOLOE-26 deployable
on Pi-class hardware. RLPA is the first method to apply LoRA-style adaptation to the
prompt-embedding space of a re-parameterisable open-vocabulary detector while explicitly
preserving the RepRTA re-parameterisation pipeline, maintaining zero inference overhead
and full deployment compatibility.

2.4. Quantisation for Edge Deployment

Post-training INT8 quantisation reduces model size by 4× and improves CPU through-
put by 2–3× [30]. Standard QAT minimises weight reconstruction error via the straight-
through estimator [31]. Several studies have benchmarked YOLO-family models on ARM-
class hardware: Sapkota et al. [32] confirmed Pareto-dominant accuracy–latency perfor-
mance across all YOLO26-scale variants on COCO, and YOLO26 [9] achieves up to 43%
faster CPU inference by eliminating NMS and DFL. These studies focus on softmax-based
classifiers, where class probability margins are typically 0.3–0.6, making classification
robust to INT8 rounding.

Embedding-head detectors such as YOLOE-26 present a fundamentally different
quantisation challenge. Classification is determined by arg max over cosine similarity
scores, where the margin between competing classes can be as small as 0.005—below the
rounding granularity of INT8 quantisation. This means a correct FP32 classification can flip
to an incorrect INT8 classification without any visible change in the output distribution. No
prior study has measured QAT robustness on a waste-domain open-vocabulary embedding
head or evaluated whether fake quantisation training can protect cosine similarity ordering
under INT8-level numerical noise. This paper provides the first such measurement via
Kendall’s τ rank correlation, reporting τ = 1.00 across all 200 test images and confirming
quantisation readiness for future INT8 deployment.

3. EcoSortBin System and Dataset
3.1. System Architecture

Figure 1 shows the EcoSortBin three-tier architecture. Each EcoSortBin station is a
single physical enclosure housing one Raspberry Pi 4 (up to 8 GB) as the shared inference
node for all five bin compartments, a Pi Camera Module 3 (11.9 MP Sony IMX708 sensor;
Sony Corporation, Tokyo, Japan, integrated into the Camera Module 3 by Raspberry Pi Ltd.,
Cambridge, UK, top-down mount) aimed at the central deposit surface, an HX711 load cell
for weight measurement (two-wire GPIO, 24-bit ADC), inductive/capacitive sensors for
material discrimination, an RC522 RFID reader for student authentication (SPI interface,
3.3 V), and a WS2812B LED strip for real-time feedback (5 V data line; modern revisions
≥ 2019 accept 3.3 V GPIO data directly, eliminating the need for a level shifter in most
deployment configurations). One Arduino Nano controls five servo-actuated gates—one
per waste compartment (plastic, glass, metal, paper, and general); the Nano communicates
with the Pi 4 via UART with a resistive voltage divider (2.2 kΩ + 3.3 kΩ) on the Nano TX
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line to protect the Pi 4’s 3.3 V GPIO from the Nano’s 5 V logic levels. Cloud connectivity is
provided via MQTT broker and the Firebase Realtime Database.

Figure 1. EcoSortBin three-tier architecture. Hardware layer: Pi Camera, HX711 load cell, induc-
tive/capacitive sensors, and RC522 RFID reader. Compute layer: Raspberry Pi 4 running RLPA +
NeckFT inference and sensor fusion. Cloud layer: Firebase Realtime Database, Flask leaderboard,
and MQTT broker for multi-bin telemetry.

End-to-End Disposal Workflow

A complete disposal event proceeds in nine steps. (1) A student taps their campus
RFID card on the RC522 reader; the Pi 4 authenticates the student and opens the deposit
session. (2) The student places the waste item on the central deposit surface directly be-
neath the camera. (3) The Pi Camera Module 3 captures a 640 × 640 top-down frame of
the item. (4) The RLPA + NeckFT inference engine runs the on-device model (ONNX FP32,
Raspberry Pi 4 ARMv8) and returns a ranked list of class confidences. (5) The sensor fusion
module applies the three-stage protocol (Section 3.3): high-confidence visual predictions
are accepted directly; borderline predictions are resolved by the HX711 load-cell weight
reading; aluminium cans are always routed to the metal bin, regardless of visual confidence,
via the inductive sensor override. (6) The Arduino Nano receives a UART gate command
and opens the servo gate for the correct bin compartment. (7) The WS2812B LED strip
confirms the routing with a class-coloured flash and an audible buzzer pulse, following es-
tablished human-factors principles for interface feedback design [33]. (8) The points engine
(Section 3.4) computes the disposal score and updates the student ledger in Firebase [34].
(9) The MQTT broker [35] publishes the event to the Flask dashboard, updating the live
leaderboard in real time. This nine-step cycle completes within approximately 2–3 seconds
of the student placing their item on the deposit surface under warm-session, steady-state
inference conditions (1113 ms ONNX inference after ONNX runtime session warmup),
providing responsive point-of-disposal feedback without requiring any mobile application.

3.2. Dataset Construction

Three public sources are combined: TrashNet [36] (4478 images), Drinking Waste Clas-
sification [37] (3722 images), and TACO [38] (1900 YOLO-format images from the Roboflow
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extended version [10]; the original TACO paper dataset contains 1500 images), totalling
10,100 source images. Seven waste classes are defined: plastic_bottle, glass_bottle,
aluminium_can, crisp_wrapper, paper_waste, cardboard_box, and plastic_bag. All im-
ages are letterboxed to 640 × 640.

3.2.1. From 10,100 to 1330 Images

The 10,100 source images are filtered in three stages. First, images containing none
of the seven target classes are discarded (the majority of TACO images cover categories
outside our vocabulary). Second, per-class counts are balanced to avoid dominant-class bias.
Third, images are verified for label quality and minimum bounding-box size. The resulting
1330-image campus waste dataset (952 seen, 378 unseen) forms the complete training,
validation and test corpus used in this paper. SAM ViT-B generates polygon segmentation
masks for all 1330 images from bounding-box prompts, producing the instance-level labels
required by YOLOESegTrainer. During SAM mask quality verification (minimum polygon
area threshold), 70 images were separately excluded from an earlier candidate pool prior to
finalisation of the splits reported below.

3.2.2. Seen/Unseen Split

A 70/30 split evaluates cross-domain generalisation: TACO images (different domain
and viewpoint) are assigned to the unseen pool; Kaggle-sourced images form the seen pool.
The final dataset comprises 1330 images (952 seen, 378 unseen; 54/class in unseen split).
Splits: Train, 728; Val, 126; Test, 98 (14/class); Unseen, 378.

3.2.3. Novel-Item Test Set

Six packaging types are not present in training: blister pack, bubble wrap, Bisleri water
bottle, styrofoam block, newspaper, and Tetra Pak carton.

3.3. Sensor Fusion Protocol

Visual classification alone is insufficient for reliable bin routing. Visually similar
materials—a crushed aluminium can and a plastic bottle share similar reflective surfaces—
and partially occluded items produce ambiguous confidence scores that would cause
misrouting if visual confidence were the only signal. Figure 2 presents the three-stage
protocol that addresses this. Stage 1 accepts the visual prediction directly when confi-
dence is ≥0.60, covering the majority of clean, well-presented items. Stage 2 applies when
confidence falls between 0.35 and 0.60: the HX711 load-cell weight reading is compared
against per-class weight distributions learned from the training set, and the class whose
weight profile best matches the measured item is selected. Stage 3 activates whenever
the inductive proximity sensor detects a metallic object, overriding the visual and weight
signals to route unconditionally to aluminium_can—a hard safety rule that prevents glass
bottles from entering the metal bin, regardless of any visual ambiguity. When confidence
falls below 0.35 and no metallic signal is present, the item is flagged as low-confidence:
the gate defaults to the general waste bin rather than risking an incorrect routing decision,
and the event is logged for manual review.

It is important to distinguish these operational routing thresholds from the evaluation
confidence used in Section 5. All experimental results reported in this paper were measured
at conf = 0.001—an intentionally low threshold that captures every detection the model
produces, regardless of certainty, in order to measure raw model capability without opera-
tional filtering. The routing thresholds of 0.60 and 0.35–0.60 are deployment-time decisions
that govern when the bin acts on a prediction; they are not applied during evaluation. A
consequence of this distinction is visible in the plastic_bag result (Section 5): the model
correctly identifies plastic bags but at low confidence scores that would fall into Stage 2 in
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deployment, where the weight sensor would resolve the prediction rather than the visual
signal alone.

Camera capture +
vision confidence score

Inductive sensor
detects metal?

Stage 3: route to
Metal bin (override)

Confidence
≥ 0.60?

Stage 1: accept
vision prediction directly

Confidence
≥ 0.35?

Stage 2: HX711
weight sensor reads item

Weight matches
exactly one class range?

Route to
weight-matched bin

Fall back to
vision prediction

General bin,
logged for manual review

yes

no

yes

no

no
yes

yes

no

Figure 2. Three-stage sensor fusion decision flow, including the explicit weight-based decision branch.
Stage 1: if visual confidence ≥ 0.60, the prediction is accepted directly. Stage 2: if confidence is
0.35–0.60, the HX711 load-cell weight reading is checked against per-class weight ranges; if the
measured weight falls uniquely within one class’s range, that class is used; otherwise, the system
falls back to the vision prediction. Stage 3: the inductive proximity sensor overrides all visual and
weight signals to route any metallic object unconditionally to aluminium_can. Confidence below
0.35 with no metallic signal defaults to the general waste bin and is logged for manual review. Note:
the 0.001 evaluation threshold used in Section 5 is distinct from these operational routing thresholds.

3.4. Gamification Protocol

Student RFID authentication removes the app-installation barrier of prior mobile-
based systems [39]. Following established gamification and incentive-design principles for
recycling behaviour [40,41], points per disposal event:

P = Bc × W f × Tm × C f × Sb (1)
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where Bc is the base-class score (inversely proportional to classification difficulty),
W f = 1 + w/wmax is a weight factor, Tm ∈ {1.0, 1.5, 2.0} is a time-of-day multiplier,
C f rewards sorting consistency, and Sb is a streak bonus.

The Open-Vocabulary Challenge

WasteYOLOE26-S achieves 74% top-1 accuracy on the seven trained waste classes—
sufficient for immediate deployment on a campus with a stable, known waste stream.
However, as consumer product lines evolve, novel packaging categories enter the waste
stream without any corresponding training data. In this scenario, the system silently mis-
routes items it has never seen, a limitation that cannot be corrected without full retraining
and redeployment. Empirically, full fine-tuning reduces the cross-domain generalisation
ratio from 6.055 to 0.0055 (Section 5), meaning the model becomes far worse at detect-
ing unseen packaging. This collapse between seen-class accuracy and open-vocabulary
generalisation is the central challenge that Section 4 addresses through the three-stage
RLPA pipeline.

4. Methodology: Three-Stage Pipeline
Figure 3 presents the three-stage pipeline, with each stage designed to address the

limitations introduced by the previous one.
Stage 1 fine-tunes YOLOE-26s-seg on 728 campus waste images to establish a practical

accuracy baseline. This succeeds for known waste classes (74% top-1, mAP50 = 0.5438 on
the held-out test split) but catastrophically destroys the model’s open-vocabulary capability:
CDGR collapses from 6.055 to 0.0055 as the visual backbone drifts away from the CLIP
embedding manifold. A bin that cannot recognise novel packaging cannot adapt to an
evolving waste stream without full retraining.

Stage 2 (RLPA) resolves this by restricting adaptation to the MobileCLIP text-embedding
space, leaving the visual backbone entirely untouched. With only 16,384 trainable parame-
ters (0.14% of full fine-tuning), RLPA recovers CDGR to 3.451 without retraining. However,
this generalisation gain comes at an accuracy cost: top-1 drops to 15% because the text
embeddings alone cannot compensate for the domain gap in visual features. Large-scale
novel-item validation (Section 5.5) shows evidence that container-shaped novel categories
are recognised somewhat more reliably by RLPA + NeckFT than by the other operating
points, once neck fine-tuning is added.

Stage 3 (RLPA + NeckFT) addresses this accuracy gap by fine-tuning the neck—the
feature fusion layers that adapt visual representations to the waste domain—while keeping
the backbone frozen to protect CLIP alignment. This recovers seen-class accuracy to 73.5%
(mAP50 = 0.538) while maintaining CDGR = 0.2435 and shows zero-shot generalisation
concentrated in container-shaped classes (Section 5). Deployment on Raspberry Pi 4
requires export of the model from PyTorch 2.x (CUDA) FP32 to a mobile inference format.
ONNX FP32 is the primary deployed format; an NCNN artefact is also exported for future
native deployment. This export is mandatory, since the Pi 4 ARMv8 CPU cannot run
PyTorch directly. QAT training is additionally performed to prepare the model for future
INT8 deployment and to verify that cosine similarity rank ordering is preserved under
INT8-level numerical noise (FP32 47.2 MB → ONNX FP32 41.8 MB via graph optimisation).
Both ONNX and NCNN artefacts are exported, but the QAT-trained model is recommended
because τ = 1.00 confirms its weight distributions are quantisation-robust.
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Figure 3. Three-stage pipeline. Stage 1: SAM-supervised full fine-tuning produces WasteYOLOE26-S
(CDGR = 0.0055 1113 ms Pi 4 ONNX FP32). Stage 2: RLPA adapts the MobileCLIP prompt-embedding
space, then folds into RepRTA (CDGR = 3.451 overhead). Stage 3: Frozen-backbone neck fine-tuning
recovers seen-class accuracy (mAP50 = 0.538, CDGR = 0.2435, novel = 5/6, zero-shot evidence for
container-shaped categories with scale-deployable ONNX FP32 model (τ = 1.00, ∆Top-1 = +4 pp)).

4.1. Stage 1: SAM-Supervised Full Fine-Tuning (WasteYOLOE26-S)
4.1.1. Baseline Architecture

WasteYOLOE26-S fine-tunes YOLOE-26s-seg without structural modifications. The
only change is the reduction in the classification-head output channels from 80 (COCO)
to 7 (waste classes), reducing parameters from 15.26 M to 11.79 M (−23%) and FP32 size
from 61.0 MB to 47.2 MB. Table 1 shows the per-component parameter breakdown: the
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backbone and neck are unchanged; only the head shrinks by 56% as the 80-class vocabulary
is replaced by 7 waste classes. Figure 4 shows the internal architecture: a frozen backbone
(Conv + C3k2 + SPPF + C2PSA, layers 0–10), following efficient mobile-CNN design
principles [42], extracts multi-scale features, the neck (PAN/FPN, layers 11–22) fuses them,
and the YOLOESegment26 head scores each region against MobileCLIP text embeddings
via cosine similarity.

Figure 4. WasteYOLOE26-S inference-pipeline architecture. Backbone (layers 0–10, 5.08 M, frozen):
Conv + C3k2 feature extraction and SPPF + C2PSA spatial pooling produce P3/P4/P5 feature maps.
Neck (layers 11–22, 3.94 M, trainable in NeckFT): PAN/FPN fuses multi-scale features. Head (layer 23,
2.77 M): BNContrastiveHead scores regions against MobileCLIP text embeddings (7-class vocabulary,
RLPA-adapted). Total: 11.79 M params deployed via ONNX FP32 on a Raspberry Pi 4.

The small variant (26s) is chosen over the nano variant (26n) based on empirical
evaluation: YOLOE-26n (5.62 M parameters) achieves only 21% top-1 accuracy on the
7-class campus waste test set, which is insufficient for reliable bin routing. The small
variant provides a 53-percentage-point improvement in seen-class accuracy (74% vs. 21%)
at the cost of roughly double the parameter count, confirming that model scale cannot be
reduced further without unacceptable accuracy degradation in this domain.

A confidence threshold sweep over WasteYOLOE26-S confirms that conf = 0.001
is the optimal operating point for seen-class accuracy (74%), with accuracy degrading
monotonically as the threshold increases: conf = 0.05 → 66%, conf = 0.1 → 64%, and
conf = 0.3 → 47%. The evaluation threshold of conf = 0.001 used throughout this paper
therefore captures the maximum model capability.
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Table 1. Parameter breakdown: YOLOE-26s-seg vs. WasteYOLOE26-S.

Component YOLOE-26s-seg WasteYOLOE26-S Change

Backbone (layers 0–10) 5.08 M 5.08 M unchanged
Neck (layers 11–22) 3.94 M 3.94 M unchanged
Head (layer 23) 6.24 M 2.77 M −56% (80 → 7 classes)

Total 15.26 M 11.79 M −23%
FP32 size 61.0 MB 47.2 MB −23%

Bold indicates the summary row (total) for the table.

4.1.2. SAM-Supervised Pipeline

Standard bounding-box annotations are insufficient for the YOLOESegment26 head,
which requires polygon-level segmentation masks to compute instance-level contrastive
loss. Manual polygon annotation at scale is prohibitively expensive for a 728-image dataset.
SAM ViT-B solves this by automatically converting each bounding-box label into a precise
polygon contour mask, offline, in a one-time preprocessing step with no human labelling
effort beyond the original bounding boxes.

Figure 5 shows the full fine-tuning pipeline. SAM [21] generates polygon masks from
bounding-box prompts, providing precise boundary supervision for the YOLOESegment26
head. The MobileCLIP text encoder and BNContrastiveHead are deliberately preserved,
unchanged throughout fine-tuning. This is not a simplification but a design choice: modi-
fying these components would break the cosine similarity alignment between visual and
text embeddings that open-vocabulary detection depends on. Training runs for 100 epochs
with LR = 10−3, cosine annealing, and early stopping at a patience value of 20. The cosine
schedule prevents the learning rate from remaining too high in later epochs when the
model is refining fine-grained class boundaries rather than learning coarse features.

Why full fine-tuning still collapses CDGR. Despite preserving the text encoder, full
fine-tuning allows all backbone and neck parameters to drift toward waste-specific visual
features. The visual embeddings become highly discriminative for the 7 seen classes but no
longer lie on the general CLIP visual manifold required for unseen-class matching. This is
the CDGR collapse (6.055 → 0.0055) that Stage 2 is designed to prevent.

4.2. Stage 2: RepRTA-Compatible LoRA Prompt Adapters (RLPAs)
4.2.1. Motivation: Why Full Fine-Tuning Collapses CDGR

Full fine-tuning allows all backbone and neck parameters to drift toward waste-specific
visual features. The visual embeddings (oi ∈ Rd) become optimised for discriminating
Cseen = 7 categories, causing cosine similarity to become uninformative for j ∈ Cunseen

because oi no longer lies on the general CLIP visual embedding manifold. RLPA avoids
this by modifying only the prompt-embedding path.

4.2.2. Adapter Architecture

RLPA modifies only the text-embedding path, leaving the entire visual backbone and
neck untouched. The intuition is that the CDGR collapse in Stage 1 occurs in the visual
domain, not the text domain, so adapting the text embeddings to better describe campus
waste categories can improve generalisation without touching the visual features that
caused the collapse.

For a prompt (p) and its MobileCLIP embedding (e = TextEnc(p) ∈ Rd),

eadapted = e + ∆WB · ∆WA · e (2)

where ∆WA ∈ Rr×d compresses the embedding to a lower-dimensional representation
(down-projection) and ∆WB ∈ Rd×r projects it back to the original dimension (up-
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projection). The adapted embedding is the original embedding plus a low-rank correc-
tion term.

Figure 5. WasteYOLOE26-S SAM-supervised fine-tuning pipeline. The YOLOE-26s-seg architecture
is preserved without structural modification. SAM converts bounding-box annotations to polygon
segmentation masks. Full fine-tuning adapts all parameters; classification-head output is reduced
from 80 to 7 classes.

∆WB is initialised to zero, which means eadapted = e at epoch 0. This is important: it
guarantees that training starts from the known-good pretrained embeddings rather than
from a random perturbation, preventing early training instability. The rank of r = 16 is
chosen from the ablation in Section 5.4; at r = 16 and d = 512, the adapter introduces only
16,384 trainable parameters—0.14% of the parameter count in the full fine-tuning. This
means the model’s generalisation capability is adapted with a fraction of the computational
cost, and critically, the adapter matrices are discarded entirely after training with zero
inference overhead.

4.2.3. Waste Prompt Library (Pwaste)

A structured prompt library spanning 7 classes × materials × states × brand de-
scriptors yields 634 prompts encoded with MobileCLIP. Template augmentation covers
four axes: viewpoint (top-down bin camera), condition (wet, torn, crumpled), short-form,
and brand-specific variants (e.g., “Bisleri water bottle”, “dented aluminium beverage
can”, etc.).
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4.2.4. Training Objective

LRLPA = LInfoNCE + λ
(
∥∆WA∥2

F + ∥∆WB∥2
F
)
, λ = 0.01 (3)

The loss has two roles. LInfoNCE is the contrastive alignment loss computed over (anchor,
positive, 6 in-batch negative) triples. It pulls the adapted embedding for each class closer to
the visual features of that class in the CLIP embedding space, improving cosine similarity
scores for seen classes while keeping the geometry of the full embedding space intact for
unseen classes.

The Frobenius regularisation term (λ∥∆WA∥2
F + λ∥∆WB∥2

F) prevents the adapter from
drifting too far from the pretrained embedding space. Without this term, the adapter could
overfit to the 634 waste prompts and produce embeddings that no longer align with the
general CLIP visual manifold, recreating the CDGR collapse in text space rather than visual
space. λ = 0.01 is the critical threshold identified in the ablation (Section 5.4): below 0.1,
adaptation is effective; at λ ≥ 0.5, the regularisation dominates, and the adapter produces
no change from the pretrained embeddings.

4.2.5. RepRTA Re-Parameterisation and Deployment

After training:

1. Compute eadapted offline for all 7 class prompts in Pwaste.
2. Fold eadapted into the BNContrastiveHead classification weights via the standard

RepRTA procedure (set_text_pe()).
3. Discard ∆WA and ∆WB.

MRLPA is architecturally identical to vanilla YOLOE-26, with zero additional infer-
ence cost.

4.3. Stage 3: Frozen-Backbone Neck Fine-Tuning (RLPA + NeckFT)
4.3.1. Why RLPA Alone Is Insufficient

RLPA achieves strong CDGR recovery (CDGR = 3.451) but only 15% top-1 accuracy
on seen classes. The reason is that RLPA adapts text embeddings but leaves the visual
backbone and neck, producing features optimised for the pretrained COCO distribution
rather than for campus waste. The cosine similarity scores for waste classes are therefore
weak, even for items the model should recognise. Stage 3 addresses this by fine-tuning the
visual features—specifically, the neck—while keeping the backbone frozen to protect the
CLIP alignment that RLPA depends on. RLPA + NeckFT is also the operating point for
which large-scale novel-item testing (Section 5.5) shows consistent evidence of zero-shot
generalisation, specifically for container-shaped categories.

4.3.2. Freeze Strategy

The backbone (layers 0–10: Conv, C3k2, SPPF, and C2PSA) is frozen throughout
both training phases. This is the deliberate design choice that separates Stage 3 from
Stage 1: the backbone contains the CLIP-aligned visual representations that enable open-
vocabulary matching. Allowing these layers to train would repeat the CDGR collapse
observed in Stage 1, where backbone drift destroyed generalisation. By keeping the
backbone frozen, Stage 3 preserves the visual manifold alignment that RLPA established in
the text-embedding space.

The neck (layers 11–22: Upsample, Concat, and C3k2 PAN/FPN) is trainable in Phase B.
The neck is responsible for fusing multi-scale visual features into the representations that
the head uses for classification. Fine-tuning it adapts these fused representations to the
visual appearance of campus waste without touching the underlying backbone features.
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The head (layer 23: YOLOESegment26) is trainable in both phases, allowing the
classification and segmentation outputs to adapt to the 7-class waste vocabulary through-
out training.

4.3.3. Two-Phase Training Protocol

Phase A (head warmup): 5 epochs and LR = 10−3; only layer 23 (head) is trainable.
This warmup phase is necessary because the neck parameters are pretrained on COCO,
while the head has been adapted to 7 waste classes by RLPA. Immediately applying large
gradients from the neck in the first epoch would destabilise the head weights before they
have had a chance to align with the neck’s feature representations. Five epochs of head-only
training align the head with the frozen neck first, creating a stable starting point for Phase B.

Phase B (neck fine-tuning): 50 epochs and LR = 10−4; the backbone is frozen, and
the neck and head are trainable. The lower learning rate relative to Phase A reflects the
finer-grained adaptation being performed: the neck features are already close to a useful
representation and need refinement rather than large updates. The early stopping patience
is 15. Trainer: YOLOEPESegTrainer with overlap_mask=False.

4.3.4. Label Generation Without SAM

Bounding-box annotations are converted to four-point rectangle polygons (TL, TR, BR,
and BL corners, normalised to [0, 1]), satisfying the YOLOESegment26 polygon supervision
requirement without SAM inference. This eliminates the SAM pipeline dependency for the
neck fine-tuning stage, since NeckFT only needs bounding-box-level supervision to adapt
the visual feature fusion layers—pixel-precise masks are not required at this stage.

4.4. Production Deployment on a Raspberry Pi 4

The three-stage pipeline produces trained model weights in PyTorch FP32 format.
Converting these to a deployable artefact on a Raspberry Pi 4 involves two independent
steps: format export to ONNX FP32 (mandatory; NCNN exported as future-path secondary
artefact) and QAT training (performed to verify quantisation robustness and prepare the
model for future INT8 deployment). This section describes both.

4.4.1. Export to ONNX (Primary) and NCNN (Future Path)

The Raspberry Pi 4 (Cortex-A72 ARMv8 CPU) cannot execute PyTorch models
directly—there is no GPU and no CUDA runtime. Deployment requires export to a mobile
inference format. Two formats are produced:

ONNX (41.8 MB FP32) is the primary deployment format used in this work. ONNX
Runtime provides a cross-platform CPU execution provider that runs on Pi 4 ARMv8 with
no additional dependencies beyond the onnxruntime package. On-device measurement
confirms 1113 ms per frame (0.90 FPS) using 4 threads on the Cortex-A72, which is suitable
for motion-triggered capture. Although Ultralytics 8.4 does not support direct INT8 NCNN
export on ARM64, the QAT-trained FP32 ONNX model is robust to INT8-level numerical
noise (τ = 1.00), making it the recommended deployment artefact until INT8 toolchain
support becomes available.

NCNN (41.8 MB FP32) is exported as a secondary artefact for future deployment.
NCNN is an ARM-optimised inference framework by Tencent that eliminates all Python
(3.12) dependencies, running in C++ with hand-tuned ARM NEON intrinsics. The Stage 1
WasteYOLOE26-S model exports successfully to NCNN on x86 (39.8 MB, Colab-confirmed),
but direct NCNN inference via the Ultralytics Python backend is currently blocked on
ARM64 (NotImplementedError in Ultralytics 8.4); the recommended path to sub-500 ms
deployment is native NCNN with FP16 weights via C++ or pyncnn, which remains an
open item.
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Both formats retain the full WasteYOLOE26-S architecture, including the segmentation
head. The configurable vocabulary system is supported via set_text_pe(), which re-
encodes text embeddings for any new waste category using the PyTorch model. This allows
a facilities manager to extend the vocabulary (e.g. add tetra_pak_carton) by running a
one-time set_text_pe() call and re-exporting the ONNX artefact—no retraining and no
new deployment package but requiring the PyTorch model and Ultralytics runtime once
for the re-export step.

4.4.2. INT8 Quantisation via QAT
Why QAT Is Performed

The deployed ONNX model is FP32 (41.8 MB after graph optimisation from 47.2 MB
PyTorch). QAT is not performed to reduce model size— the export format is FP32, re-
gardless. QAT is performed for two reasons. The first reason is to prepare the model for
future INT8 deployment: when Ultralytics adds int8 = True NCNN support on ARM64,
a QAT-trained model will quantise cleanly because its weights have already learned to
compensate for INT8-level rounding. The second reason is to verify quantisation robust-
ness. By measuring Kendall’s τ between the FP32 NeckFT model and the QAT-trained
model, we confirm that the cosine similarity ranking is stable under INT8-level numerical
perturbation. This matters because YOLOE-26 classifies via cosine similarity:

ŷi = arg max
j

cos(oi, ej) (4)

As discussed in Section 4.4, cosine similarity is particularly sensitive to quantisation because
classification correctness depends on the relative ordering of similarity scores, not their
absolute values. Two visually similar classes may differ by as little as 0.005 in cosine
similarity—less than the rounding step of a naive INT8 conversion. Kendall’s τ rank
correlation directly measures whether any such ordering flips occur.

What Fake Quantisation Is

Standard post-training quantisation converts weights to INT8 irreversibly, which
prevents any further gradient-based correction. Quantisation-Aware Training (QAT) instead
uses fake quantisation: during the forward pass, weights are rounded to INT8 precision and
scaled back to FP32 (simulating the effect of INT8 on the activations), but the backward
pass operates on the full FP32 values. This allows the model to learn to compensate for
quantisation error while remaining in a differentiable training regime. The fake quantisation
operator is expressed as follows:

xq = round
( x

α

)
· α, α =

max |x|
127

(5)

where α is the per-tensor scale factor mapping the FP32 range to the INT8 range
[−127, 127]. The straight-through estimator [31] passes gradients through the unchanged
non-differentiable rounding operation, allowing standard backpropagation to continue.
Kendall’s τ is evaluated over 200 test images to measure rank preservation between the
FP32 NeckFT baseline and the QAT-trained model, confirming that fake quantisation
training does not disturb the cosine similarity ordering.

4.4.3. QAT Training Configuration and Results

QAT fine-tunes the RLPA + NeckFT model for 30 epochs at LR = 5 × 10−5, with the
backbone frozen and fake quantisation applied only to the embedding head (BNCon-
trastiveHead and MobileCLIP text PE). The backbone is kept frozen for the same reason as
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in NeckFT: it contains the CLIP-aligned visual representations that open-vocabulary match-
ing depends on. Applying fake quantisation to the backbone would introduce quantisation
noise into the feature representations and risk degrading CDGR.

The low learning rate (5 × 10−5, 2× lower than NeckFT Phase B) reflects the fine-
grained nature of QAT: the model is already well-trained and only needs small adjustments
to compensate for the rounding introduced by fake quantisation. Large updates at this
stage would destabilise the embedding head rather than improve it.

The result is τ = 1.00 rank preservation—no confidence ordering flip occurred across
any of the 200 test images between the FP32 NeckFT baseline and the QAT-trained model.
This confirms that the model’s cosine similarity ordering is stable under INT8-level nu-
merical noise and that the model is ready for INT8 deployment when toolchain support
becomes available. The ∆Top-1 = +4 pp over the NeckFT FP32 baseline reflects additional
fine-tuning benefit from the 30 QAT epochs rather than a pure quantisation effect. The final
artefacts are exported as ONNX FP32 (41.8 MB, primary deployed artefact, 1113 ms on
Pi 4 ARMv8). An NCNN FP32 artefact (41.8 MB) is also released for future native C++
deployment. True INT8 NCNN export (int8 = True) is not yet supported on ARM64 in
Ultralytics 8.4 and is left as future work; the expected INT8 size is ≈11.8 MB.

5. Experimental Results
This section reports results for the three operating points defined in Section 4. All

models are evaluated on the same 98-image seen test split (14 images per class) and
378-image unseen split using conf = 0.001 to capture raw model capability without
operational filtering. Three metrics are used throughout: mAP50 (mean average precision
at IoU 0.5), which measures detection accuracy on seen classes; CDGR (Cross-Domain
Generalisation Ratio = unseen mAP50/seen mAP50, both measured on independent held-
out data), which measures how much detection capability is retained when the same seven
classes appear in a different dataset and camera viewpoint; and top-1 accuracy correctness
on the seen test split. The three operating points are WasteYOLOE26-S (Stage 1: maximum
seen-class accuracy), RLPA (Stage 2: zero-overhead text-embedding adaptation), and RLPA
+ NeckFT (Stage 3: highest accuracy with zero-shot generalisation evidence). Table 2
presents the complete comparison.

Table 2. Cross-domain generalisation comparison. CDGR = unseen mAP50/seen mAP50, both
measured on independent held-out data. Seen mAP50 and CDGR are recalculated on the 98-image
held-out test split for YOLOE-26s zero-shot and all three EcoSortBin models (ours); YOLO-World-S
and YOLOv8-nano’s figures reflect the original training-split-based evaluation and were not part of
this recalculation.

Model Seen mAP50 Unseen mAP50 CDGR Top-1

YOLO-World-S [19] 0.204 0.098 0.480 —
YOLOE-26s zero-shot [9] 0.0218 0.132 6.055 34%
YOLOv8-nano (supervised) 0.679 0.002 0.003 —

WasteYOLOE26-S (ours) 0.5438 0.003 0.0055 74%
RLPA (ours) 0.0255 0.088 3.451 15%
RLPA + NeckFT (ours) 0.538 0.131 0.2435 73.5%

Bold rows indicate the models proposed in this work, as distinguished from external baseline comparisons.

5.1. Stage 1 Results: WasteYOLOE26-S Seen-Class Accuracy

Table 2 presents detection performance across all models. Figure 6 shows per-class
detection examples. WasteYOLOE26-S achieves 74% top-1 accuracy and mAP50 = 0.5438
on the seen test split, with 1113 ms latency on a Raspberry Pi 4 (ONNX FP32).
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Figure 6. WasteYOLOE26-S detection results on seven campus waste classes. All seven classes were
correctly identified (confidence: 0.408–0.977). Per-class top-1: plastic_bottle, 71%; glass_bottle, 93%;
aluminium_can, 79%; crisp_wrapper, 50%; paper_waste, 100%; cardboard_box, 79%; plastic_bag, 50%
(overall, 74%; 98 test images). Inference: 23.0 ms T4 GPU.

CDGR Collapse

Full fine-tuning collapses CDGR from 6.055 to 0.0055 (Table 2). Novel item detection
at conf = 0.001 without vocabulary replacement remains at 2/6, identical to the zero-shot
baseline. This confirms that supervised fine-tuning destroys the CLIP visual manifold
alignment necessary for novel category generalisation. For a deployed EcoSortBin unit,
this means the bin handles the current seven campus waste classes reliably but will silently
misroute any new packaging category that enters the waste stream—a bin that cannot
adapt without a full retrain and firmware update.

5.2. Stage 1 Results: Open-Vocabulary and CDGR Evaluation

Figure 7 shows novel class detections using vocabulary replacement. WasteYOLOE26-
S correctly identifies three of six novel items via vocabulary replacement (blister
pack, styrofoam block, and Bisleri water bottle); the original YOLOE-26s zero-shot re-
tains CDGR = 6.055 but achieves only 34% top-1 on seen classes—the core accuracy–
CDGR trade-off.

Figure 7. WasteYOLOE26-S novel class detection via 7-class vocabulary replacement at inference
time. Three novel items were identified without retraining: (a) blister pack (conf = 0.114), (b) styro-
foam block (conf = 0.343), and (c) Bisleri water bottle (conf = 0.076). Novel class confidence scores
(0.076–0.343) are lower than trained class scores (0.260–0.988), reflecting partial retention of CLIP
sensitivity after domain fine-tuning.

5.3. Stage 2: RLPA Embedding Adaptation

RLPA improves embedding separation from −0.095 to +0.423 (∆ = +0.518). The hard-
est negative pair, plastic_bottle↔glass_bottle (baseline similarity = 0.886), is reduced to
0.230. CDGR = 3.451 without retraining. For a deployed EcoSortBin unit, RLPA means
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the bin vocabulary can be extended via set_text_pe() with no model retraining: a fa-
cilities manager adding tetra_pak_carton requires a one-time set_text_pe() call and
ONNX re-export (PyTorch and Ultralytics runtime needed once)—no retraining and no
new deployment package.

5.4. Ablation: RLPA Rank and Regularisation

Table 3 presents the 4 × 4 ablation grid over an adapter rank of r ∈ {4, 8, 16, 32} and
regularisation of λ ∈ {0.01, 0.1, 0.5, 1.0}.

A phase transition exists between λ = 0.01 (separation ≥ 0.39, effective adaptation
for all ranks) and λ ≥ 0.5 (separation = −0.095, identical to baseline—no adaptation).
Within the working regime, rank has minimal effect (0.392–0.423), confirming genuinely
low-rank adaptation. We select r = 16 and λ = 0.01. These parameters are used in all Stage 2
and Stage 3 experiments reported in this section.

Table 3. Ablation of RLPA adapter rank (r) and regularisation (λ). Separation = mean intra-class
similarity − max inter-class similarity (higher = better embedding discrimination). Baseline (no
adaptation): −0.095.

r λ Best Loss Separation Intra Inter Status

16 0.01 0.099 0.423 0.652 0.230 Best ✓
32 0.01 0.099 0.417 0.656 0.238 Strong
4 0.01 0.103 0.399 0.677 0.278 Strong
8 0.01 0.102 0.392 0.663 0.271 Strong

16 0.10 0.499 0.004 0.624 0.621 Boundary
8 0.10 0.484 −0.013 0.622 0.635 Failed

λ ≥ 0.5 (all r) — −0.095 0.792 0.886 No adaptation
Bold indicates the best-performing value in the comparison; the checkmark (✓) in the Status column marks the
same best-performing configuration.

5.5. Stage 3 Results: RLPA + NeckFT Per-Class Analysis

Table 4 presents per-class top-1 accuracy. RLPA + NeckFT achieves 73.5% overall top-1
and mAP50 = 0.538 on the held-out test split.

Table 4. Per-class top-1 accuracy on 98 campus test images (14/class, conf = 0.001). RLPA + NeckFT
uses the pretrained ZS backbone, preserving CLIP alignment for both seen-class accuracy and novel-
item detection.

Class WasteYOLOE26-S Zero-Shot RLPA RLPA + NeckFT

plastic_bottle 71% 21% 7% 64%
glass_bottle 93% 50% 0% 93%
aluminium_can 79% 29% 100% 71%
crisp_wrapper 50% 7% 0% 50%
paper_waste 100% 93% 0% 93%
cardboard_box 79% 7% 0% 86%
plastic_bag 50% 0% 0% 57%

Overall 74% 30% 15% 73.5%
Bold indicates the two recommended deployment operating points.

5.5.1. Zero-Shot Generalisation to Novel Categories

RLPA + NeckFT detects five of six novel items (blister pack, bubble wrap, Bisleri
water bottle, styrofoam block, and newspaper) in the original six-item probe. Given
the limited size of this probe, we additionally validated against 28 independent novel
categories (840 images in total) drawn from three public sources not used in training
(RHWC, Garbage Dataset, and RealWaste). No ground-truth bounding boxes exist for
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these public sources, so mAP50-based metrics—and therefore a zero-shot analogue to
CDGR—cannot be computed for this test; we report the detection rate and per-category
top-1 accuracy instead (Tables 5 and 6).

Table 5. Zero-shot generalisation to 28 novel categories (840 images). Detection rate means the model
fired a box above conf ≥ 0.05, regardless of correctness; per-category accuracy is reported separately
for the 7 categories with a genuine equivalent class in our taxonomy (210 images).

WasteYOLOE26-S RLPA RLPA + NeckFT

Detection rate (840 images) 82.3% 12.0% 69.6%
Accuracy, 7-category subset (210 images) 2/7 (28.6%) 2/7 (28.6%) 3/7 (42.9%)

Bold indicates the best-performing value in the comparison.

Table 6. Per-category accuracy on the 7 novel categories with a genuine equivalent class in our
taxonomy (30 images each, 210 total).

Category Correct Class WasteYOLOE26-S RLPA RLPA + NeckFT

aerosol_cans aluminium_can Miss Hit Miss
steel_food_cans aluminium_can Miss Hit Miss
plastic_detergent_bottles plastic_bottle Miss Miss Hit
glass_food_jars glass_bottle Hit Miss Hit
glass_cosmetic_containers glass_bottle Hit Miss Hit
paper_cups paper_waste Miss Miss Miss
plastic_trash_bags plastic_bag Miss Miss Miss

Total 2/7 2/7 3/7
Bold indicates the summary row (total); bold within the row additionally marks the best-performing value.

RLPA + NeckFT shows a distinct advantage over the other two operating points:
on the seven-category subset with a genuine equivalent class in our taxonomy, its three
correct guesses span two different classes (plastic_bottle and glass_bottle), whereas
WasteYOLOE26-S’s two correct guesses and RLPA’s two correct guesses are each con-
centrated in a single class (glass_bottle and aluminium_can respectively). Freezing the
backbone during NeckFT preserves enough of the CLIP-aligned visual manifold such
that the model recognises container-class geometry across more than one category rather
than defaulting to one learned shortcut. Across all 840 images, WasteYOLOE26-S and
RLPA + NeckFT both fire confidently on most categories, while RLPA barely engages at
all—though detection rate alone does not establish correct classification, which is why the
seven-category subset’s per-category accuracy is the most informative measure of the three.
The size of the 210-image subset means this finding should be read as a real, distinct pattern
rather than a claim of broad open-vocabulary generalisation.

5.5.2. mAP50 vs. Top-1 Discrepancy

On the held-out test split, RLPA + NeckFT’s mAP50 (0.538) and top-1 accuracy (73.5%)
are measured on the same 98 images yet differ because they capture different aspects
of performance: mAP50 rewards well-localised, well-ranked boxes across all confidence
levels, while top-1 asks only whether the single highest-confidence prediction per image is
correct. A secondary, genuine factor further separates them: YOLOE-26’s box-regression
and classification outputs are decoupled, so ranking among visually similar class embed-
dings is harder than localising the box itself. Table 4 shows this directly: plastic_bag
achieves only 57% top-1 accuracy, despite near-perfect bounding-box localisation. For ref-
erence, the training-split mAP50 (728 images) reaches 0.998; we report this figure once
here for transparency and use the held-out figure (0.538) as the paper’s principal reported
accuracy throughout.
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5.5.3. Supplementary Test-Split Metrics

For direct comparability with standard object-detection evaluation practice, we addi-
tionally report precision, recall, F1, and IoU-based AP50/AP50-95 for RLPA + NeckFT on
the 98-image held-out test split (Table 7): macro-averaged precision = 0.733, recall = 0.735,
F1 = 0.731, AP50 = 0.538, and AP50-95 = 0.520. The AP50 value here (0.538) is the same
held-out mAP50 used as CDGR’s seen-class denominator (Section 5). The confusion matrix
shows two dominant, materially sensible error patterns: crisp_wrapper and plastic_bag
are symmetrically confused (6 of 14 images in each direction; both thin, flexible-film materi-
als), and plastic_bottle is occasionally confused with aluminium_can (3 of 14, both cylin-
drical containers). Figure 8 shows the corresponding calibration plot and threshold-sweep
curve. The model is systematically underconfident rather than overconfident—accuracy at
every confidence bin exceeds the bin’s own confidence value—which is the safer direction
of miscalibration for a physical routing system, as it avoids false trust in incorrect predic-
tions. The threshold-sweep curve confirms the deployment threshold of conf ≥ 0.60 sits on
a stable, high-accuracy plateau (97%), consistent with the discrete deployment-tier analysis
in Section 3.3.

Figure 8. Calibration plot (left) and threshold-sweep curve (right) for RLPA + NeckFT on the
98-image held-out test set.

Table 7. Supplementary test-split metrics for RLPA + NeckFT (98 images), computed via IoU-based
evaluation on the held-out test split; the AP50 value here is the same figure used as CDGR’s seen-class
denominator elsewhere in this paper.

Metric Value

Precision (macro avg) 0.733
Recall (macro avg) 0.735
F1 (macro avg) 0.731
AP50 (IoU-based) 0.538
AP50-95 (IoU-based) 0.520

5.5.4. Calibration vs. Feature Failure

plastic_bag achieves 57% (conf = 0.001), indicating calibration suppression at higher
thresholds; the weight sensor resolves these cases at deployment. aluminium_can reaches
100% with RLPA alone, as the RepRTA-adapted text embeddings align strongly with the
reflective-metal appearance class. For a deployed EcoSortBin unit, RLPA + NeckFT is the
recommended operating point: it achieves 73.5% top-1 accuracy with CDGR = 0.2435 and
shows consistent zero-shot generalisation evidence for novel container-shaped packaging—
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a bin that routes known waste reliably and adapts to new container-shaped packaging
without retraining.

5.5.5. Confidence-Threshold Routing Breakdown

Because evaluation throughout this paper uses conf = 0.001 while deployment routes
items via conf ≥ 0.60 (Stage 1) or 0.35–0.60 (Stage 2, weight arbitration), we additionally
bucket the 98-image held-out test set by the deployment thresholds themselves. A total of
35/98 images (35.7%) meet the conf ≥ 0.60 direct-accept threshold, with 97.1% accuracy
(34/35) within this bucket. A further 17/98 (17.3%) fall in the 0.35–0.60 weight-arbitration
band, and the remaining 46/98 (46.9%) fall below the 0.35 floor and default to manual
review. This confirms that the paper’s headline top-1 figure (73.5%) characterises the vision
model’s raw discriminative capability, not the routed accuracy of the deployed system: for
the 64.3% of images that do not clear conf ≥ 0.60 on vision alone, the weight and inductive
sensors—not the camera—make the final routing decision, as described in Section 3.3.

5.6. Stage 3 Results: INT8 Quantisation and Pi 4 Export

RLPA + NeckFT + QAT achieves 77% top-1 (∆ = +4 pp vs. NeckFT baseline). Kendall
τ = 1.00 confirms perfect rank preservation of output confidence orderings between the
FP32 NeckFT baseline and the QAT-trained model, demonstrating that cosine similarity
ordering is stable under INT8-level numerical noise. The model is therefore ready for
INT8 deployment when toolchain support becomes available. Exported: ONNX FP32
(41.8 MB, 1113 ms on Pi 4 ARMv8, primary deployed artefact); NCNN FP32 (41.8 MB,
secondary artefact for future native deployment). Note: Ultralytics 8.4 does not support
INT8 NCNN export directly; the QAT-trained FP32 model is robust to INT8-level numerical
perturbations (τ = 1.00) and is the recommended production artefact. For a deployed
EcoSortBin unit, this is the production-ready artefact: the ONNX model runs on Pi 4 via
ONNX Runtime with no GPU, no CUDA runtime, and no accuracy degradation relative to
the FP32 model—the bin routes waste at 73–77% top-1 accuracy while remaining open to
novel packaging via vocabulary swap.

5.7. Complete Pareto Frontier

Table 8 presents all operating points.

Table 8. Complete Pareto frontier: accuracy vs. cross-domain generalisation across all EcoSortBin
operating points. Novel = items detected among 6 novel packaging types (conf ≥ 0.05). Section 5.5
reports a larger-scale zero-shot generalisation check (28 categories, 840 images; Tables 5 and 6):
WasteYOLOE26-S and RLPA + NeckFT both fire confidently on most categories (82.3% and 69.6%
detection rates), while RLPA barely engages (12.0%); on the 7 categories with a genuine equivalent
class, per-category accuracy is low for all three models (2/7, 2/7, 3/7), but only RLPA + NeckFT’s
correct guesses span more than one class. mAP50 and CDGR are computed on the 98-image held-out
test split for all six models.

Model mAP50 CDGR Top-1 Novel Pi 4 Export

YOLOE-26 zero-shot [9] 0.0218 6.055 34% 2/6 —
WasteYOLOE-v8s (ablation) 0.5179 0.0025 72% 3/6 —
WasteYOLOE26-S (Stage 1) 0.5438 0.0055 74% 3/6 ONNX FP32

RLPA (Stage 2) 0.0255 3.451 15% 5/6 —
RLPA + NeckFT (Stage 3) 0.538 0.2435 73.5% 5/6 ONNX FP32·1113 ms·Pi 4
RLPA + NeckFT + QAT 0.532 0.2399 77% 5/6 ONNX FP32

Bold rows indicate the models proposed in this work, as distinguished from external baseline comparisons.

RLPA uniquely occupies the high-CDGR quadrant (CDGR = 3.451) with zero inference
overhead. Its CDGR exceeds 1 because its held-out seen-class mAP50 (0.0255) is lower
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than its cross-domain unseen mAP50 (0.088), as RLPA adapts only the text embedding
space and leaves the visual backbone untouched, so its box-level precision on seen classes
stays weak even though its top-1 accuracy (15%) is more evenly comparable across splits.
RLPA + NeckFT occupies the high-accuracy quadrant (mAP50 = 0.538, CDGR = 0.2435, and
top-1 = 73.5%) and is the only operating point for which large-scale testing (Section 5.5)
shows consistent zero-shot generalisation, specifically for container-shaped items—it is
the only operating point that combines strong seen-class accuracy with any evidence of
container-class zero-shot generalisation. WasteYOLOE26-S provides maximum seen-class
accuracy (74%) for deployments where the waste stream matches training categories.

5.8. Extended Baseline Comparison

We report eight additional baselines spanning supervised detection, edge-deployment
classification, zero-shot classification, and zero-shot open-vocabulary detection, indepen-
dently trained or evaluated using the same 728-image training set, 98-image seen test split,
and 378-image unseen split used throughout (Table 9). Top-1 accuracy is reported for every
model; CDGR is additionally reported for the three models with a genuine open-vocabulary
detection mechanism and marked N/A for models with no such mechanism, for which
CDGR is not a defined quantity.

Table 9. Extended baseline comparison. All models evaluated with identical top-1 methodology on
the same seen (98-image) and unseen (378-image) splits. CDGR is marked N/A for models with no
open-vocabulary detection mechanism.

Model Seen Top-1 Unseen Top-1 CDGR

Head-only fine-tuning 45.9% 13.5% N/A
Neck-only fine-tuning (no RLPA) 58.2% 17.5% N/A
YOLOv8s (supervised) [43] 72.4% 16.1% N/A
YOLOv11n (supervised) 51.0% 14.6% N/A
MobileNetV2 (edge classifier) 66.3% 19.6% N/A
CLIP ViT-B/32 (zero-shot) 55.1% 16.9% N/A

YOLO-World-S 28.6% 14.8% 0.480
YOLOE-26s zero-shot 33.7% 16.9% 0.759
OWL-ViT 35.7% 6.1% 0.0073

RLPA + NeckFT (ours) 73.5% 18.0% 0.2435
Bold indicates the model proposed in this work, as distinguished from external baseline comparisons.

RLPA + NeckFT achieves the highest seen-class accuracy (73.5%) among all tested
models, including both the closed-set baselines and the three genuine open-vocabulary
detectors. On unseen top-1 specifically, our model (18.0%) does not show a dramatic
advantage over the closed-set baselines, which cluster between 13.5% and 19.6%, regardless
of architecture—even YOLOv8s, with the highest seen accuracy among closed-set baselines
(72.4%), collapses to a similar unseen top-1 (16.1%). Against the three real open-vocabulary
detectors, RLPA + NeckFT’s CDGR (0.2435) is lower than both YOLO-World-S (0.480) and
YOLOE-26 zero-shot (0.759), though both achieve this at substantially lower seen-class
mAP50 values (0.204 and 0.0218 respectively (Table 2) vs. RLPA + NeckFT’s 0.538); RLPA +
NeckFT’s CDGR is higher than OWL-ViT’s (0.0073). This indicates that RLPA + NeckFT
occupies a specific point in the accuracy–generalisation trade-off rather than dominating
every open-vocabulary baseline on every axis: it is not the highest-CDGR detector available,
but among detectors achieving comparable or higher seen-class accuracy, it is the only one
retaining meaningful open-vocabulary capability at all.
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5.9. Cross-Dataset Generalisation Validation

To assess generalisation on data entirely independent of the training distribution,
WasteYOLOE26-S, RLPA, and RLPA + NeckFT are evaluated on two independent pub-
lic datasets entirely separate from the training sources described in Section 3.2, totalling
7614 images: the Garbage Dataset (7010 images, 5 classes) and a dataset from Agbe-
hadji et al. [44] (604 images and six classes mapped to our taxonomy after excluding two
classes with no equivalent: Polystyrene and Metallic foil). These were selected as the most
relevant of the considered candidates, since both consist of clean, studio-style single-item
photographs, consistent with the campus bin deployment context this paper targets, unlike
landfill-condition or narrowly two-class alternatives that do not reflect the intended use
case. The Agbehadji et al. dataset additionally provides real ground-truth bounding-box
annotations, allowing mAP50 to be reported alongside top-1; the Garbage Dataset is dis-
tributed in classification format only (a single label per image, with no bounding boxes),
so mAP50 cannot be computed for it. Table 10 reports top-1 accuracy for all three model
stages and mAP50 for RLPA + NeckFT, where ground-truth boxes are available.

Table 10. Cross-dataset top-1 accuracy across two independent public datasets entirely separate from
the training sources reported in Section 3.2. mAP50 is reported for RLPA + NeckFT only, where real
ground-truth bounding boxes exist, using the same held-out test-set figure (0.538) reported as the
principal accuracy throughout this paper.

Dataset n Stage 1
(Full FT)

RLPA RLPA +
NeckFT

RLPA +
NeckFT

mAP50

Original test 98 74.5% 16.3% 73.5% 0.538
Garbage Dataset 7010 48.8% 26.7% 61.7% —
Agbehadji et al. [44] 604 — — 78.6% 0.109

RLPA + NeckFT performs comparably to full fine-tuning in domain (73.5%) and
outperforms it on the Garbage Dataset (61.7% vs. 48.8%), broadly consistent with its
characterisation above as the strongest performer on datasets where full fine-tuning under-
performs. On the Agbehadji et al. dataset, RLPA + NeckFT achieves 78.6% top-1 accuracy,
which is higher than on our own held-out test set, indicating that classification performance
transfers well to this independent source. Its mAP50 (0.109) is lower than the held-out
original-test-set figure (0.538), consistent with the expected effect of domain shift (different
cameras, backgrounds, and framing conventions) on precise box localisation, even where
classification remains strong.

6. Discussion
The experimental results surface five insights that go beyond the headline numbers

and have direct implications for practitioners deploying open-vocabulary detectors on
constrained hardware. First, fine-tuning is a deployment necessity for campus waste
detection, not a design choice—but it imposes a severe CDGR collapse that cannot be
ignored. Second, the RLPA regularisation parameter exhibits a sharp phase transition that
defines the boundary between useful adaptation and no adaptation at all. Third, freezing
the backbone during NeckFT preserves novel-item detection, as well as CDGR—a counter-
intuitive result showing that CLIP alignment benefits compound across adaptation stages.
Fourth, INT8 quantisation of a cosine-similarity embedding head behaves differently from
standard softmax classifiers. Fifth, the three operating points offer practitioners a principled
choice rather than a single forced trade-off. Each insight is discussed in turn, followed by
an honest account of the study’s limitations.
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6.1. Why Fine-Tuning Is Necessary Despite the CDGR Collapse

A natural question is whether fine-tuning is necessary at all. If vanilla YOLOE-26
already achieves CDGR = 6.055 in zero-shot mode, why not deploy it directly on EcoSortBin
and avoid the CDGR collapse entirely?

The zero-shot baseline (Table 8) answers this directly: mAP50 = 0.174 and top-1 = 34%.
At the operational routing threshold of conf ≥ 0.60 required for Stage 1 sensor fusion ac-
ceptance, the zero-shot model rarely produces confident predictions on campus waste—the
bin falls through to the weight sensor on almost every item, making the vision component
functionally redundant.

Three factors explain why zero-shot YOLOE-26 fails on campus waste despite strong
general-object performance:

6.1.1. Vocabulary Coverage Gap

MobileCLIP was trained on Internet-scale image–text pairs where waste-domain terms
such as crisp_wrapper, aluminium_can (as a category distinct from generic container),
and plastic_bag appear infrequently and inconsistently. The cosine similarity scores for
these classes are low and poorly separated at zero-shot (baseline inter-class similarity = 0.886
for plastic_bottle ↔ glass_bottle), making them insufficient for reliable arg max selection.

6.1.2. Visual Domain Gap

Campus bin cameras capture items from a fixed, top-down angle under variable
indoor lighting, and they are often crushed, crumpled, or soiled. The COCO and LVIS
pretraining corpora contain natural scene photographs of intact objects with good lighting.
The visual backbone features that YOLOE-26 learned to match against text embeddings
were never optimised for this appearance distribution.

Prompt engineering cannot bridge the visual gap for fine-tuned models. Material-
form-context prompt engineering (e.g. “transparent crumpled PET plastic bottle” rather
than “bottle”) can improve text-side embedding alignment in zero-shot models and par-
tially recover detection rates for some categories when the visual backbone retains CLIP
alignment. However, for a fine-tuned model such as WasteYOLOE26-S, prompt engineering
cannot compensate for the visual domain gap: the backbone produces features for top-
down, degraded-appearance campus waste that no longer align with the general-object
visual manifold, regardless of how the text prompt is written—because full fine-tuning has
already displaced the backbone from the CLIP embedding space. We verified this empiri-
cally by evaluating WasteYOLOE26-S under three prompt strategies—plain class names,
richer material-form descriptions, and campus-context prompts—all yielding identical
top-1 accuracy of 74% (73/98). Domain context, not prompt style, determines detection
performance after fine-tuning. Our zero-shot evaluation at conf = 0.001 (34% top-1) already
uses the maximum sensitivity threshold—no prompt engineering strategy can recover the
40-percentage-point gap to operational accuracy once the backbone has drifted from the
CLIP visual manifold.

Fine-tuning is therefore not a design choice but a necessity for reliable bin routing.
The contribution of this paper is not to justify fine-tuning but to quantify, then address
the generalisation cost it imposes: the severe CDGR collapse that makes a fine-tuned
bin blind to its own trained categories once they appear in a different dataset or setting.
RLPA and NeckFT recover this capability while preserving the accuracy gains that make
deployment viable.

CDGR measures cross-domain generalisation rather than raw detection capability.
A model can perform poorly on the unseen (cross-dataset) split for two different reasons:
the model may simply be a weak detector overall, performing poorly on seen and unseen
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data alike, or the model may be a strong detector that has specifically lost the ability to
recognise its trained classes once they appear in a different dataset and camera viewpoint.
Unseen mAP50, on its own, cannot distinguish between these two cases. Normalising
unseen mAP50 by the model’s own held-out seen-class mAP50 isolates the second case—
this measures how much of a model’s demonstrated detection capability, on classes it
already knows well, carries over to the same classes photographed differently. CDGR is not
intended as a comprehensive standalone measure of open-vocabulary generalisation; we
report it alongside the per-class breakdown in Table 4, which captures variation CDGR’s
single ratio would otherwise hide, and the novel-item probe reported alongside Table 8,
which tests genuinely new object categories rather than the same categories in a differ-
ent domain. Together, these three measures give a more complete picture than any one
metric alone.

6.2. The λ Phase Transition in RLPA

The ablation reveals a sharp transition between λ = 0.01 (effective adaptation, separa-
tion ≥ 0.39) and λ ≥ 0.5 (no adaptation, separation = −0.095). At λ = 0.01, the Frobenius
penalty allows the adapter to shift prompt embeddings toward waste-domain semantics;
at λ ≥ 0.5, the penalty dominates, and ∆WB remains near zero throughout training. This
transition motivates a finer hyperparameter search around λ = 0.01–0.05 in future work.

6.3. Novel-Item Zero-Shot Generalisation Through Frozen-Backbone NeckFT

RLPA + NeckFT shows zero-shot generalisation evidence for container-shaped classes
despite adding 50 epochs of supervised neck fine-tuning. This is a counter-intuitive positive
result: one might expect that fine-tuning on 728 seen-class images would further overfit the
model and reduce novel sensitivity. The frozen-backbone design prevents this. By keeping
layers 0–10 (Conv, C3k2, SPPF, and C2PSA) frozen, the CLIP-aligned visual features that
enable generalisation to unseen categories are preserved throughout NeckFT training.
The neck learns to fuse these features for campus waste appearance without corrupting the
backbone representations.

The practical implication is significant: RLPA + NeckFT is not a generalisation–
accuracy trade-off but a Pareto improvement over RLPA alone—it achieves 73.5% top-1
accuracy (vs. 15% for RLPA) while additionally showing distinct zero-shot generalisa-
tion evidence at scale (correct guesses spanning more than one class, unlike RLPA or
WasteYOLOE26-S) under the same large-scale validation (Section 5.5). The only cost is the
additional 50-epoch neck fine-tuning stage.

6.4. QAT Robustness and Quantisation Readiness

Kendall τ = 1.00 confirms that QAT training does not reorder top-1 class predictions
relative to the FP32 NeckFT baseline. This is the key result: the model’s cosine similarity
ordering is completely stable under INT8-level numerical perturbation, meaning it is ready
for INT8 deployment when toolchain support becomes available. The +4 pp top-1 improve-
ment from NeckFT to QAT reflects additional fine-tuning benefit from the 30 QAT epochs
rather than any quantisation effect—the weights are better calibrated, not compressed.

The current limitation is that Ultralytics 8.4 does not support int8 = True for NCNN
export on ARM64, so the current deployed artefact remains ONNX FP32 (41.8 MB, 1113 ms
on Pi 4). True INT8 deployment via native NCNN would reduce the model size to ≈11.8 MB
and improve throughput by 1.5–2× on the Cortex-A72 ARM NEON units. This is noted as
future work: once INT8 NCNN export is available, the QAT-trained model can be directly
quantised without any retraining, since its weight distributions have already been prepared
for this transition.
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6.5. Sensor Fusion Validation on Real Hardware

To provide direct experimental validation of the sensor fusion protocol, we conducted
a real hardware trial using the RLPA + NeckFT model (ONNX FP32), the operating point
recommended for production deployment in Section 6.6: five physical items per class
(35 items in total, following the per-class trial design of [44]) were placed under the deployed
camera and weighed on the HX711 load cell. Table 11 reports the vision confidence score
for each trial. Table 12 reports the corresponding inference latency. Table 13 reports the
measured weight.

Table 11. Vision confidence scores across 5 real trials per class.

Class Item 1 Item 2 Item 3 Item 4 Item 5 Mean

plastic_bottle 0.397 0.647 0.384 0.768 0.496 0.538
glass_bottle 0.971 0.886 0.962 0.555 0.762 0.827
aluminium_can 0.253 0.833 0.323 0.254 0.618 0.456
crisp_wrapper 0.888 0.117 0.339 0.238 0.746 0.466
paper_waste 0.732 0.788 0.502 0.555 0.945 0.704
cardboard_box 0.282 0.725 0.907 0.874 0.429 0.643
plastic_bag 0.531 0.102 0.357 0.445 0.666 0.420

Overall mean 0.579
Bold indicates the summary row (overall mean) for the table.

Table 12. Inference latency (ms) across 5 real trials per class.

Class Item 1 Item 2 Item 3 Item 4 Item 5 Mean

plastic_bottle 920.19 1198.83 1378.08 2976.17 2274.89 1749.63
glass_bottle 1987.45 2096.54 654.43 2956.41 1474.06 1833.78
aluminium_can 790.28 1362.90 2362.09 1639.21 1232.08 1477.31
crisp_wrapper 2548.46 2108.35 1293.98 586.08 808.99 1469.17
paper_waste 923.37 1073.90 2543.36 730.11 1598.34 1373.82
cardboard_box 1703.75 942.97 1945.80 2298.20 1495.02 1677.15
plastic_bag 2760.78 2524.08 1704.83 1983.84 1024.00 1999.51

Overall mean 1654.34
Bold indicates the summary row (overall mean) for the table.

Table 13. Measured weight (g) across 5 real trials per class.

Class Item 1 Item 2 Item 3 Item 4 Item 5 Min/Max/Mean

plastic_bottle 28.0 8.0 42.0 28.0 47.0 8.0/47.0/30.6
glass_bottle 198.0 198.0 198.0 230.0 302.0 198.0/302.0/225.2
aluminium_can 16.5 10.2 12.0 17.0 11.8 10.2/17.0/13.5
crisp_wrapper 45.0 6.0 10.0 4.0 7.0 4.0/45.0/14.4
paper_waste 7.0 12.0 3.0 7.0 15.0 3.0/15.0/8.8
cardboard_box 21.0 84.0 33.0 61.0 109.0 21.0/109.0/61.6
plastic_bag 6.0 3.0 8.0 8.0 9.0 3.0/9.0/6.8

Applying the three-stage routing protocol (Section 3.3) to these 35 real trials, 15 items
cleared the conf ≥ 0.60 direct-accept threshold (100% correctly routed); 5 aluminium_can
items were correctly routed via the inductive metal override, regardless of vision con-
fidence (100%, including one case where vision itself misclassified the item); 10 items
entered weight arbitration (80% correctly routed); and 5 items were safely deferred to
the general bin for manual review. Overall, 28/35 (80.0%) were correctly routed to the
physical bin, 5/35 (14.3%) were safely deferred, and 2/35 (5.7%) were genuinely mis-
routed. Both misrouted cases involved a plastic_bottle whose measured weight (28 g
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and 47 g) fell within the overlapping ranges of plastic_bottle and cardboard_box—
a genuine physical weight overlap rather than a sensor or classification fault. No-
tably, the crisp_wrapper/plastic_bag confusion identified in the confusion matrix
(Table 7, Section 5) is reproduced in this independent real hardware trial: three of five
crisp_wrapper items were misclassified as plastic_bag, and three of five plastic_bag
items were misclassified as crisp_wrapper, consistent in direction and magnitude with the
6/14 rate observed in each direction on the original 98-image test set. This cross-validation
across two independent evaluations strengthens confidence that this is a genuine, repro-
ducible model characteristic rather than a dataset artefact.

End-to-end latency breakdown. To directly address a complete deployment-time
latency accounting, we instrumented six pipeline stages across the same 35 real hardware
trials (Table 14). Camera capture (mean 50.7 ms) and model inference (mean 1654.3 ms,
consistent with Table 12) dominate the vision path; since YOLOE-26 is NMS-free [9,20],
pre- and post-processing occur inside the single measured inference call rather than as
separate stages. Weight-sensor arbitration (HX711, mean 482.6 ms) applies only to the 10/35
items reaching Stage 2 (confidence: 0.35–0.60). UART/servo actuation (mean 464.3 ms)
and Firebase/MQTT publishing (mean 194.7 ms) are the largest non-vision contributors;
LED/buzzer feedback is negligible (11.3 ms). Summing all components gives a mean
of 2858.1 ms per disposal event, consistent with the “2–3 s” cycle-time estimate stated
in Section 3.1.

Table 14. End-to-end latency breakdown across 35 real hardware trials (same items as Tables 11–13).

Component Mean Latency (ms) Range (ms) n

Camera capture 50.7 30–71 35
Model inference (WasteYOLOE26-S, ONNX FP32) 1654.3 586.1–2976.2 35
Weight sensor (HX711) * 482.6 350–670 10
UART command + servo actuation 464.3 306–693 35
LED + buzzer feedback 11.3 5–20 35
Firebase + MQTT 194.7 105–295 35

Sum of components (mean) 2858.1 — —
Bold indicates the summary row (sum of components). * Weight sensor (HX711) measured only for the 10/35
items that reached Stage 2 arbitration (confidence: 0.35–0.60), matching the count already reported above.

6.6. Deployment Trade-Off Guide for Practitioners

Based on the complete Pareto frontier (Table 8):

• Static known vocabulary, maximum accuracy: WasteYOLOE26-S (74% top-1, 1113 ms
Pi 4 ONNX FP32).

• Zero inference overhead required, generalisation capability retained but not re-
quired to be immediately deployment-ready: RLPA (CDGR = 3.451, zero overhead,
15% top-1).

• Novel packaging important, especially container-shaped items: RLPA + NeckFT
(73.5% top-1, CDGR = 0.2435, zero-shot generalisation evidence at scale, 1113 ms Pi 4
ONNX FP32).

6.7. Limitations

The dataset was limited to 728 training images; crisp_wrapper and plastic_bag
suffer from domain mismatch between training (TACO outdoor) and test (campus bin
camera) sets. On a Raspberry Pi 4B (Cortex-A72, 4 threads, ONNX FP32, 640 × 640),
YOLOE-26s-seg runs at 1113 ms/frame (0.90 FPS)—suitable for motion-triggered capture
but not continuous video. Scaling from one to four threads yielded a 4.1× speedup (4558 ms
→ 1113 ms). INT8 deployment via quantize_dynamic (ONNX Runtime) is not viable on
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a Pi 4: the ConvInteger operator is unsupported by the aarch64 CPU execution provider.
The recommended path to sub-500 ms deployment is NCNN with FP16 weights, lever-
aging ARM NEON intrinsics; this remains an open item. The QAT implementation uses
standard fake quantisation with the straight-through estimator; ranking-preserving loss
terms (e.g. margin losses on cosine similarity ordering) were not incorporated, meaning
the τ = 1.00 result reflects empirical stability rather than an enforced constraint. RLPA
effectiveness depends critically on base model selection: applying the adapter to an al-
ready fine-tuned backbone substantially reduced CDGR recovery in an additional ablation
experiment where RLPA was applied post Stage 1 (measured on the original training-split-
based evaluation) because backbone drift from the CLIP visual manifold limits text-space
adaptation—confirming that RLPA must be applied before domain fine-tuning to preserve
open-vocabulary generalisation. Validation on WaDaBa (pending license access) and on
real campus-collected images under the physical lighting, clutter, and camera conditions of
an operational EcoSortBin deployment remain important directions for future validation
beyond the cross-dataset results reported in Section 5.9.

7. Conclusions
This paper presented EcoSortBin, a complete accuracy–generalisation study for open-

vocabulary campus waste detection on a Raspberry Pi 4.
WasteYOLOE26-S delivers a fine-tuned open-vocabulary waste detector on a Rasp-

berry Pi 4 ARMv8 (74% top-1, 1113 ms ONNX FP32) and empirically characterises the
severe CDGR collapse that arises specifically under domain-specific fine-tuning of open-
vocabulary models—a phenomenon distinct from zero-shot deployment.

RLPA achieves substantial CDGR recovery over full fine-tuning by constraining adap-
tation to the MobileCLIP prompt-embedding space. The λ phase transition at ≈0.01 pro-
vides a concrete design guideline for future LoRA-style prompt adaptation in open-
vocabulary detectors beyond the waste domain.

RLPA + NeckFT recovers 73.5% top-1 accuracy with a frozen backbone and substan-
tially better CDGR than full fine-tuning while showing zero-shot generalisation evidence on
a large-scale validation set concentrated in container-shaped classes. Freezing the backbone
is not merely a CDGR preservation strategy but also enables some novel-category detection
to persist through neck adaptation for container-shaped classes specifically because CLIP-
aligned backbone features provide the visual manifold that both tasks depend on.

The QAT robustness study (τ = 1.00, ∆Top-1 = +4 pp vs. NeckFT) delivers the first
empirical characterisation of quantisation-aware training behaviour on a waste-domain
open-vocabulary embedding head. τ = 1.00 confirms that cosine similarity rank ordering
is completely stable under INT8-level numerical perturbation, establishing that the model
is ready for INT8 deployment when toolchain support becomes available. The current
deployed artefact is ONNX FP32 (41.8 MB, 1113 ms on Pi 4). An NCNN FP32 artefact is
also released; true INT8 NCNN export (≈11.8 MB) awaits ARM64 toolchain support and is
noted as future work.

The EcoSortBin hardware platform—integrating RC522 RFID authentication, an
HX711 load cell and inductive sensor fusion, and a gamified points engine with a live
leaderboard—demonstrates that open-vocabulary waste detection is practically viable for
campus deployment, not merely a laboratory result. The configurable vocabulary system
allows any waste category to be added at runtime via set_text_pe() without model
retraining, directly enabling the dynamic packaging vocabularies that motivated this work.

Together, the three operating points (WasteYOLOE26-S, RLPA, and RLPA + NeckFT)
form the complete Pareto frontier of the accuracy–CDGR trade-off for campus waste
detection. Notably, RLPA + NeckFT occupies a previously unreachable quadrant: both high
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seen-class accuracy (73.5%) and demonstrated container-class generalisation, indicating
that the accuracy–generalisation trade-off is not fully fundamental but can be substantially
mitigated by addressing backbone drift during fine-tuning.
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