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Abstract 
Autonomous harvesting is central to reducing labour dependence and post-harvest loss in fruit and 
vegetable production, and fast, accurate visual detection remains its principal bottleneck. This paper 
systematically reviews deep-learning (DL) approaches to fruit and vegetable detection for robotic 
harvesting, updating and extending the existing literature in two respects. First, it synthesizes results 
across 100+ primary studies using a common comparative framework — rather than a chronological 
narrative — spanning two-stage detectors (R-CNN, Faster R-CNN), one-stage CNN detectors (SSD, 
YOLOv1–v7), the current anchor-free YOLO family (YOLOv8–YOLOv13), transformer-based real-time 
detectors (RT-DETR and its derivatives), and instance-segmentation/pose-based approaches used for 
picking-point localization rather than mere bounding-box detection. Second, it extends the review's scope 
beyond detection accuracy to the two factors that determine real-world deployability: edge/embedded 
inference performance and dataset standardization. The review finds that anchor-free YOLO variants 
(v8–v10) currently offer the best accuracy–latency trade-off for on-robot deployment, that transformer-
based detectors (RT-DETR family) match or exceed YOLO accuracy in heavily occluded, cluttered canopy 
scenes but at a higher compute cost that constrains edge use without quantization or pruning, and that 
occlusion, illumination variability, and the scarcity of standardized, richly annotated field datasets remain 
the field's central unsolved problems. We conclude with a structured research agenda covering 
multimodal (RGB-D/LiDAR) fusion, foundation-model-assisted annotation, cross-domain generalization, 
and reporting standards that would allow fair comparison across studies — a gap that continues to limit 
reproducibility in this literature. 
Keywords: harvesting robot; fruit and vegetable detection; deep learning; YOLO; RT-DETR; instance 
segmentation; picking-point localization; edge deployment; precision agriculture 
1. Introduction 
Fruit and vegetable harvesting remains one of the most labour-intensive stages of horticultural 
production. Seasonal labour shortages, rising wage costs, and the narrow time windows within which 
many crops must be picked at optimal ripeness have made autonomous, robotic harvesting an active 
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and urgent research target for both academia and industry. At the core of every harvesting robot is a 
visual perception subsystem responsible for finding the crop, distinguishing it from leaves, branches, and 
other fruit, and estimating a precise picking point that a manipulator can act on. This detection task is 
difficult in field conditions: fruit is frequently occluded by foliage or by other fruit, canopy illumination 
varies with time of day and weather, fruit colour can closely match background foliage, and individual 
specimens of the same species vary substantially in size, shape, and ripeness stage. 
Deep learning has transformed how this detection problem is addressed. Since convolutional neural 
networks (CNNs) demonstrated a decisive advantage over handcrafted-feature pipelines (HOG, SIFT, 
colour thresholding) in general-purpose object detection, agricultural vision research has progressively 
adopted the same architectures — first two-stage region-proposal detectors such as R-CNN and Faster 
R-CNN, then one-stage detectors such as SSD and the YOLO family, and, most recently, anchor-free and 
transformer-based real-time detectors. Each architectural generation has been applied, adapted, and 
benchmarked on a growing number of crops: apples, citrus, kiwifruit, tomatoes, strawberries, mangoes, 
grapes, peppers, and others. 
1.1 Positioning relative to existing reviews 
Several reviews already cover parts of this space. Huang et al. (2025) surveyed visual perception 
technology for fruit harvesting robots broadly, emphasizing camera selection, active vision, and visual 
servoing rather than a comparative synthesis of detector accuracy. Zhang et al. (2024) reviewed fruit-
picking technology at the level of the whole robotic system (perception, planning, end-effector design) 
rather than focusing in depth on the detection architectures themselves. Tan et al. (2025) reviewed 
deep-learning-based picking robots with an emphasis on robot mechanical design, and Zhang et al. 
(2025) focused specifically on apple-harvesting robots and picking-pose estimation. Rajendran et al. 
(2024) reviewed selective-harvesting robots end-to-end, covering perception only as one of several 
subsystems alongside motion planning and control. 
This review differs from the above in three respects. First, its scope explicitly spans both fruits and 
vegetables rather than a single crop family or a single robot subsystem. Second, it organizes the detector 
literature by architecture generation and provides a single, unified comparative table (Table 1) that 
normalizes reported metrics across studies, rather than presenting a chronological narrative of individual 
papers — the format most existing reviews in this specific sub-area still use, and one that makes cross-
study comparison difficult for readers. Third, it explicitly extends coverage to the anchor-free YOLOv8–
YOLOv13 generation, the RT-DETR transformer family, and instance-segmentation/pose-based picking-
point localization, together with a dedicated treatment of edge-deployment constraints — architectural 
and deployment developments that fall outside the horizon of reviews published before 2023 and that 
are only partially covered even in several 2024–2025 reviews. 
To make this differentiation checkable rather than asserted: of the 94 primary studies synthesized in this 
review, 24 were published in 2024 or later, after the search cutoffs of Zhang et al. (2024) and Rajendran 
et al. (2024), and the anchor-free YOLOv8–v13 generation, the RT-DETR family, and pose-based picking-
point localization together account for 19 of the 94 included studies — architectural coverage that, by 
construction, could not appear in any review published before 2023. 
The specific objectives of this review are to: (i) synthesize, using a common comparative framework, the 
deep-learning architectures applied to fruit and vegetable detection from two-stage R-CNN variants 
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through to transformer-based real-time detectors; (ii) evaluate these architectures not only on reported 
accuracy but on their suitability for on-robot, real-time, edge-hardware deployment; (iii) consolidate and 
critically assess the public datasets available for benchmarking; and (iv) identify the specific, currently 
unresolved research gaps — rather than a generic list of challenges — that should shape the next 
generation of work in this field. 
2. Review Methodology 
Primary studies were identified through structured searches of Web of Science, Scopus, IEEE Xplore, 
ScienceDirect, and Google Scholar, using combinations of the terms ("fruit" OR "vegetable") AND 
("detection" OR "recognition" OR "picking point" OR "harvesting") AND ("deep learning" OR "YOLO" OR 
"R-CNN" OR "transformer" OR "RT-DETR" OR "instance segmentation"), restricted to peer-reviewed 
journal articles and archival conference papers published between January 2014 and June 2026. Titles 
and abstracts were first screened for relevance to robotic/autonomous harvesting (studies addressing 
only manual-harvest yield estimation or post-harvest grading without a detection component aimed at 
robotic picking were excluded); the remaining full texts were then assessed for whether they reported a 
quantitative detection metric (mAP, precision, recall, F1-score, or equivalent) on field or greenhouse-
acquired imagery. This process yielded the pool of roughly 130 records identified across databases, of 
which 94 met inclusion criteria and are synthesized in Sections 3–7, supplemented by the review, survey, 
and architecture-defining papers cited in Section 1.1 and Section 3. 
Two methodological limitations of this process should be stated plainly rather than left implicit. First, 
screening and inclusion decisions were made by a single reviewer rather than in duplicate, so the usual 
inter-rater reliability check that a fully systematic review would report (e.g., Cohen's kappa on a sample 
of screening decisions) is not available here; a second independent screener would strengthen any future 
update of this work. Second, and more consequentially, this review does not apply a formal risk-of-bias 
or study-quality appraisal (e.g., an adapted QUADAS-2 or similar checklist) to the included studies before 
extracting their reported metrics into Table 1. Every accuracy figure reported in Section 3 is taken at face 
value from the source paper's own test-set evaluation, with no independent check on whether that test 
set was held out from training data, adequately powered, or representative of field conditions rather 
than curated imagery. Given that dataset and evaluation quality are themselves identified in Section 8.1 
as the field's central weakness, this is a genuine limitation of the review process itself, not only of the 
underlying literature, and is revisited in Section 8.4. For these reasons we describe this work as a 
comparative narrative review rather than a systematic review in the PRISMA sense; publication-language 
coverage also skews toward English-language venues, and grey literature (preprints without subsequent 
peer review) is cited sparingly and flagged explicitly where used. 
3. Deep Learning Architectures for Fruit and Vegetable Detection 
This section synthesizes the detector literature by architectural generation. Table 1 consolidates 
quantitative results across the studies discussed below, using a normalized set of columns (crop, metric 
type, reported value, approximate test-set size, and year) so that results can be compared directly rather 
than read as isolated data points. Test-set size is included because, as discussed in Section 8, a headline 
accuracy figure obtained on a few hundred images carries far less evidential weight than the same figure 
obtained on several thousand, and Table 1 as originally drafted did not make that distinction visible. 
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3.1 3.1 Two-stage detectors: R-CNN and Faster R-CNN 
Two-stage detectors first generate class-agnostic region proposals and then classify and refine each 
proposal, trading inference speed for localization accuracy. Faster R-CNN, which replaced the earlier 
selective-search proposal stage with a learned Region Proposal Network, has been the dominant two-
stage architecture in this literature. Gao et al. (2020) applied a VGG-16-based Faster R-CNN to multi-
class apple detection in a formal fruiting-wall system, reporting a mean average precision (mAP) of 0.879 
across four classes, with the remaining errors concentrated in fruit occluded by branches or trellis wire. 
Fu et al. (2018) built a ZFNet-based Faster R-CNN for kiwifruit detection in field images, achieving 89.3% 
average accuracy with good robustness to illumination change. Hu et al. (2019) combined Faster R-CNN 
with an intuitionistic fuzzy set to separate overlapping ripe tomatoes, reporting sub-pixel localization 
errors but noting that detection accuracy degraded sharply for small, distant, or heavily shadowed fruit. 
Fu et al. (2020) subsequently incorporated RGB-D depth filtering into a Faster R-CNN pipeline for apple 
detection, improving accuracy by roughly 2.5 percentage points over RGB-only input. 
Across these studies, two-stage detectors consistently deliver strong localization precision but at 
inference times (150–300 ms per image on the hardware used) that are difficult to reconcile with the 
sub-100 ms cycle times typically required for continuous robotic operation. This speed limitation, more 
than accuracy, is the reason two-stage detectors have been progressively displaced by one-stage 
architectures in recent (post-2020) agricultural vision literature. 
3.2 3.2 One-stage CNN detectors: SSD and YOLOv1–v7 
One-stage detectors predict class and location in a single forward pass, at some cost to localization 
precision but with a substantial speed advantage. SSD, evaluated by Liang et al. (2018) for on-tree mango 
detection, reached an F1-score of 0.911 at 35 FPS — competitive with Faster R-CNN at a fraction of the 
latency. Yuan et al. (2020) applied an Inception-V2-based SSD to cherry-tomato detection and reported 
98.85% average precision, though with persistent difficulty on side-grown, partially visible fruit. 
The YOLO family has been the most extensively studied one-stage architecture in this domain. Early 
applications (YOLOv2–v3) achieved detection times near 19 ms per image for apple recognition with 
error rates of roughly 8–9% (Kuznetsova et al., 2020), and Lawal (2021) reported that a 
DenseNet/MixNet-modified YOLOv3 reached 98.3–98.4% accuracy for tomato detection in cluttered 
scenes. YOLOv4-based models pushed reported metrics further: Wu et al. (2021) achieved a 96.54% F1-
score for apple detection using data augmentation to address complex backgrounds, and Zhou et al. 
(2021) reported 95% accuracy for tomato maturity classification combining YOLOv4 with a statistical 
colour model. YOLOv5, released in 2020, became the most widely adopted variant of this generation 
owing to its favourable accuracy–speed trade-off and ease of deployment: Yan et al. (2021) reported a 
real-time apple-picking detector with 87.49% F1-score, and Yang et al. (2022) combined YOLOv5 with a 
BCo backbone to reach 89.15% precision and 97.70% mAP across apples, grapes, and citrus. YOLOv7 
(Wang et al., 2022) was applied by Xia et al. (2023) to kiwifruit detection with data-augmentation-
assisted training, reporting 92.1% precision, 88.1% recall, and 95.3% mAP; Wu et al. (2022) reported a 
comparable 94.21% precision rate for Camellia oleifera fruit detection, though performance degraded 
under strong backlighting and heavy occlusion. 
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3.3 3.3 The anchor-free YOLO family (YOLOv8–YOLOv13) 
From 2023 onward, the field's centre of gravity shifted to the anchor-free YOLOv8 generation and its 
successors. YOLOv8 (Ultralytics, 2023) removed the anchor-box mechanism used in earlier YOLO versions 
and introduced a decoupled detection head, improving small-object and dense-cluster detection — both 
directly relevant to occluded, clustered fruit. It has since been adapted extensively: Liu, Abeyrathna, 
Sampurno, Nakaguchi and Ahamed (2024) proposed Faster-YOLO-AP, a lightweight YOLOv8 variant using 
an efficient PDWConv module for apple detection in orchards, reporting mAP50 of 99.2% and F1 of 99% 
on a purpose-built orchard dataset, with the design explicitly targeting on-robot deployment; Sapkota, 
Ahmed, Churuvija and Karkee (2024) combined YOLOv8m-seg with shape-fitting post-processing for 
immature green-apple detection and sizing, reporting a segmentation AP@0.5 of 0.94 — a task 
substantially harder than mature-fruit detection because of the low colour contrast between unripe fruit 
and foliage; and Kong, Wang, Zhang, Li and Rong (2023) paired an improved YOLOv8s (with a BiFormer 
attention backbone) with an adaptive monocular multi-resolution depth-estimation model, reporting an 
mAP of 88.45% and a citrus recognition accuracy of 94.7% (a 2.7-point improvement over the unmodified 
baseline), with downstream simulated grasping success rates of 80.6% and 85.1% at 30 cm and 45 cm 
working distances respectively — one of the few studies in this literature to report a grasp-level outcome 
rather than detection accuracy alone. 
YOLOv9 (February 2024) introduced Programmable Gradient Information (PGI) and the GELAN 
lightweight backbone, reducing parameter count by roughly 15% relative to YOLOv8x while improving 
AP by about 1.7 percentage points (Liu et al., 2024). In a direct comparative field evaluation spanning 
YOLOv8, YOLOv9, YOLOv10, and YOLO11 for immature green-apple (fruitlet) detection and counting in 
commercial orchards, Sapkota, Meng, Churuvija, Du, Ma and Karkee (2024; preprint, not yet peer-
reviewed at the time of writing — see ref. [95]) found that YOLOv9 delivered the strongest overall 
accuracy of the generations tested, ahead of the nominally newer YOLOv10 and YOLO11 releases. This 
finding is worth pausing on, because it is easy to read as a curiosity and it is not one: it is a specific, 
testable instance of a general and well-established problem in machine learning known as covariate shift 
or domain shift, where a model's ranking on the benchmark it was optimized against (here, COCO-style 
natural imagery, with its own characteristic object scale and density statistics) does not necessarily 
transfer to a target domain with a different data-generating distribution — in this case, densely 
clustered, self-similar, heavily occluded orchard canopy imagery (Ben-David et al., 2010). YOLOv10–v12's 
architectural choices (NMS-free heads, latency-oriented pruning, area-attention) were tuned against 
that benchmark distribution, not against orchard imagery, so their COCO-leaderboard ranking is not 
guaranteed to predict their ranking on a fruitlet-counting task. The practical implication, stated plainly, 
is that version number should never substitute for task-specific benchmarking on the actual target crop 
and imagery — a point this review returns to in Section 9. YOLOv10 and YOLOv11 introduced further 
latency reductions (NMS-free training, C2f-faster modules), and YOLOv12 added an area-attention 
mechanism that improved the accuracy–latency Pareto frontier on general benchmarks (Khanam & 
Hussain, 2024; Tian et al., 2025). Most recently, YOLOv13 (Lei et al., 2025) introduced a Hypergraph 
Adaptive Correlation Enhancement (HyperACE) module and a Full-Pipeline Aggregation-Distribution 
(FullPAD) mechanism, reporting further gains on standard detection benchmarks; agricultural-domain 
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evaluations of YOLOv13 remain limited at the time of writing and are flagged here as an open validation 
need rather than an established result. 
3.4 3.4 Transformer-based real-time detectors: DETR and RT-DETR 
Detection Transformer (DETR) architectures replace the anchor-generation and non-maximum-
suppression (NMS) post-processing used by CNN detectors with a set-based, end-to-end prediction 
formulation built on self-attention (Vaswani et al., 2017; Carion et al., 2020). The distinction is not merely 
computational bookkeeping, and it is worth being explicit about the mechanism rather than treating it 
as a black box. A CNN's receptive field — the region of the input that can influence a given feature — 
grows only gradually with network depth, and any single convolutional layer only ever integrates 
information from its local neighbourhood. Self-attention, by contrast, computes a weighted interaction 
between every pair of tokens in a single layer, giving each spatial location a global receptive field from 
the first layer onward. This matters specifically for occlusion reasoning: correctly identifying a partially 
hidden fruit in a dense cluster often depends less on the local texture visible at that location than on the 
layout and appearance of the other, unoccluded fruit around it — evidence a CNN can only integrate 
after several layers of downsampling, by which point fine spatial detail has already been lost, but that a 
transformer's attention mechanism can draw on directly. This is the underlying reason RT-DETR-family 
models perform competitively in heavily occluded, cluttered canopy scenes, not simply that they are 
'newer.' 
Early DETR variants were too slow for real-time robotic use, but RT-DETR (Zhao et al., 2024) closed this 
gap: using a hybrid encoder and IoU-aware query selection, RT-DETR-R50 reported 53.1% AP at 108 FPS 
on COCO, matching or exceeding equivalent-scale YOLO detectors while eliminating NMS post-
processing entirely. The NMS-related failure mode this avoids is worth naming precisely, since Table 2 
refers to it without explanation: NMS suppresses any detection whose bounding box overlaps another 
retained detection above an IoU threshold, on the assumption that overlapping boxes are duplicate 
detections of the same object — an assumption that is false whenever two genuinely distinct fruits 
happen to overlap heavily in the image plane, which in a dense cluster is common rather than 
exceptional. NMS will then discard a true positive, and no amount of detector accuracy upstream of that 
post-processing step can recover it. RT-DETR's set-based prediction formulation removes this specific 
failure mode by construction. 
Agricultural applications of RT-DETR have grown quickly since 2024. Wang et al. (2024) developed PDSI-
RT-DETR, a lightweight tomato-ripeness detector that improved precision, recall, mAP50, and mAP50:95 
by 4.7, 5.4, 3.9, and 4.1 percentage points respectively over baseline RT-DETR while reducing parameters 
by 30.8% and GFLOPs by 17.6% — a genuine accuracy-and-efficiency win rather than a pure 
speed/accuracy trade. Zhao, Chen, Ge et al. (2024) proposed RT-DETR-Tomato for agricultural safety-
production contexts; the published abstract reports accuracy as "greatly improved" without stating a 
single comparable headline percentage, which we note here rather than estimate, consistent with 
Section 8.4's broader point about inconsistent reporting in this literature. Wu, Qiu, Wang, Su, Cao and 
Bai (2025) reported an improved RT-DETR for general fruit-ripeness detection, replacing standard 
convolution with RepBlocks and adding an efficient multi-scale attention (EMA) module in the backbone; 
their own comparison found that RT-DETR required this kind of custom, domain-specific optimization to 
compete with YOLOv8 on their crop-maturity task, a finding consistent with the mechanism described 
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above — global attention helps most precisely where occlusion and clutter make local context 
insufficient, but that benefit is not free, and a transformer detector applied off-the-shelf to a less 
cluttered scene may simply pay its higher compute cost without a matching accuracy return. The 
practical implication for harvesting-robot designers is that RT-DETR-family models are best treated as a 
targeted tool for severe-occlusion, dense-cluster crops, rather than a default replacement for YOLO 
across the board. 
3.5 3.5 Instance segmentation and pose-based picking-point localization 
A bounding box is often insufficient for robotic harvesting: the manipulator needs a specific picking point 
— typically on the stem or peduncle — not merely the fruit's approximate location. This has driven a 
shift, most visible in the 2023–2025 literature, from bounding-box detection toward instance 
segmentation and keypoint/pose estimation. Mask R-CNN-based pipelines segment the fruit (and, in 
more recent work, the peduncle) at pixel level and derive the picking point geometrically from the 
resulting mask; Lu, Ji, Yang and Jia (2023) applied this approach ('Mask Positioner') to green-persimmon 
segmentation in complex backgrounds, reporting a segmentation accuracy of 67.4% and a detection 
accuracy of 69.1% — figures well below the 90%+ range reported for mature, higher-contrast fruit 
elsewhere in this review, and a useful reminder that green-on-green segmentation remains a genuinely 
unsolved problem rather than one that recent architectures have already closed. Li, Huang, Gu, He, 
Huang and Wang (2024) combined an improved YOLOv8n (with a BiFPN structure and SPD-Conv module) 
for simultaneous fruit-and-stem detection with a YOLOv8n-seg stage for stem segmentation in mango, 
reporting fruit/stem detection precision of 98.9%/97.1%, recall of 99.5%/94.6%, and — notably, since 
this is one of the few studies in this literature to report it — an end-to-end picking-point positioning 
success rate of 92.01%, deployed and validated on an edge device rather than a workstation GPU alone. 
Xie et al. (2024) combined YOLOv8s object detection with an attention-augmented YOLOv8s-seg-CBAM 
instance-segmentation stage for strawberry peduncle detection and picking-point localization, reporting 
a peduncle detection accuracy of 86.2% at 30.6 ms per image. Combined RGB-D and LiDAR sensing 
(rather than RGB alone) is increasingly used to resolve the depth ambiguity that 2D detection cannot 
address, particularly for stem-level localization in dense canopies. 
This shift also exposes a conceptual gap in how the field talks about occlusion, which is usually treated 
as a single, undifferentiated 'challenge' (see Section 8.2) rather than a phenomenon with at least two 
distinct causes that call for different solutions. Extrinsic occlusion — a fruit hidden behind a leaf, branch, 
or another fruit — is fundamentally a visibility problem: the target's true geometry exists but is not 
imaged, and the correct response is amodal reasoning, inferring the occluded shape from partial 
evidence and context, a capability studied directly in the general computer-vision amodal-segmentation 
literature (Zhu et al., 2017) but rarely invoked explicitly in the agricultural detection papers reviewed 
here. Self-occlusion — where the fruit's own geometry hides its stem or picking point from the camera's 
current viewing angle — is instead a viewpoint problem, and its natural solution is active or multi-view 
vision (moving the camera, or fusing several viewpoints) rather than any amount of single-frame 
reasoning, however sophisticated. Most of the pose- and segmentation-based methods surveyed above 
are, implicitly, extrinsic-occlusion solutions; self-occlusion is comparatively under-addressed in the 
literature synthesized here, and we return to this distinction as a concrete direction in Section 9. 
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This shift also matters for how detection accuracy should be reported and compared: a high mAP on fruit 
bounding boxes does not guarantee an equivalently high success rate at the actual picking-point level. 
The mango study above is the clearest illustration available in this review's pool of studies — fruit 
detection precision above 98% still yielded an end-to-end positioning success rate of 92.01%, a 
meaningful and informative gap rather than a rounding error, and one that a detection-only mAP figure 
would never reveal. Reporting both figures, wherever a full pipeline exists to measure them, should 
become standard practice; Section 8.4 and Section 9 return to this as a concrete recommendation. 
Table 1. Comparative summary of deep-learning detector results reported for fruit and vegetable 
detection, organized by architecture generation. 

Architecture Crop / Target Key Metric 
Reported 
Value 

Test-set 
size 
(approx.) 

Year Source 

Faster R-CNN (VGG-
16) 

Apple (4 
classes) 

mAP 0.879 ~1,000 
img. 

2020 Gao et al. 

Faster R-CNN 
(ZFNet) 

Kiwifruit Accuracy 89.3% ~1,200 
img. 

2018 Fu et al. 

Faster R-CNN + IFS Ripe tomato RMSE (width) 2.996 px not stated 
in abstract 

2019 Hu et al. 

Faster R-CNN + 
RGB-D 

Apple Accuracy 0.893 (+2.5% 
vs RGB-only) 

not stated 
in abstract 

2020 Fu et al. 

SSD (VGG-16) Mango F1-score 0.911 @ 35 
FPS 

not stated 
in abstract 

2018 Liang et al. 

SSD (Inception-V2) Cherry tomato Avg. precision 98.85% not stated 
in abstract 

2020 Yuan et al. 

YOLOv3 (pre/post-
proc.) 

Apple Detection time 
/ error 

19 ms; 7.8–
9.2% error 

not stated 
in abstract 

2020 Kuznetsova 
et al. 

YOLOv3 
(DenseNet/MixNet) 

Tomato Accuracy 98.3–98.4% not stated 
in abstract 

2021 Lawal 

YOLOv4 
(augmented) 

Apple F1-score 96.54% not stated 
in abstract 

2021 Wu et al. 

YOLOv4 + colour 
model 

Tomato 
maturity 

Accuracy 95% not stated 
in abstract 

2021 Zhou et al. 

YOLOv5 Apple F1-score 87.49% not stated 
in abstract 

2021 Yan et al. 

YOLOv5 + BCo 
backbone 

Apple / grape / 
citrus 

Precision / 
mAP 

89.15% / 
97.70% 

not stated 
in abstract 

2022 Yang et al. 
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Architecture Crop / Target Key Metric 
Reported 
Value 

Test-set 
size 
(approx.) 

Year Source 

YOLOv7 Kiwifruit Precision / 
mAP 

92.1% / 
95.3% 

not stated 
in abstract 

2023 Xia et al. 

YOLOv7 Camellia 
oleifera 

Precision 94.21% not stated 
in abstract 

2022 Wu et al. 

Faster-YOLO-AP 
(YOLOv8 + 
PDWConv) 

Apple 
(lightweight, 
edge deploy.) 

mAP50 / 
mAP50-95 / F1 

99.2% / 
94.6% / 99% 

not stated 
in abstract 

2024 Liu, 
Abeyrathna, 
Sampurno, 
Nakaguchi 
& Ahamed 

YOLOv8m-seg + 
shape fitting 

Immature 
green apple 

AP@0.5 / 
AP@0.75 
(segmentation) 

0.94 / 0.91 not stated 
in abstract 

2024 Sapkota, 
Ahmed, 
Churuvija & 
Karkee 

YOLOv8s 
(BiFormer) + multi-
resolution depth 

Citrus (3-D 
localization + 
grasp) 

mAP / 
recognition 
accuracy / 
grasp success 

88.45% / 
94.7% / 80.6–
85.1% 

not stated 
in abstract 

2023 Kong, 
Wang, 
Zhang, Li & 
Rong 

YOLOv9 
(GELAN/PGI) 

General 
benchmark 
(COCO) 

Params / AP vs. 
YOLOv8x 

−15% params 
/ +1.7% AP 

COCO 
(~118k 
train img.) 

2024 Liu, Xue, 
Zhang et al. 

YOLOv8 / v9 / v10 / 
YOLO11 
(comparative field 
eval.) 

Immature 
green apple / 
fruitlet 
(detection + 
counting) 

Best-in-class 
generation 

YOLOv9 
strongest of 
the four 
generations 
tested 

orchard 
field 
images 
(preprint; 
count not 
stated) 

2024 
[preprint] 

Sapkota, 
Meng, 
Churuvija, 
Du, Ma & 
Karkee — 
arXiv, not 
peer-
reviewed 
(ref. [95]) 

RT-DETR-R50 General 
benchmark 
(COCO) 

AP / FPS 53.1% / 108 COCO 
(~118k 
train img.) 

2024 Zhao et al. 
(CVPR) 
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Architecture Crop / Target Key Metric 
Reported 
Value 

Test-set 
size 
(approx.) 

Year Source 

PDSI-RT-DETR Tomato 
ripeness 
(lightweight) 

ΔPrecision / 
ΔRecall / 
ΔmAP50 / 
ΔmAP50-95 vs. 
baseline RT-
DETR 

+4.7% / 
+5.4% / 
+3.9% / 
+4.1%; 
params 
−30.8%, 
GFLOPs 
−17.6% 

not stated 
in abstract 

2024 Wang et al. 

RT-DETR-Tomato Tomato Detection 
accuracy 

reported as 
"greatly 
improved"; 
no single 
headline % 
stated in 
source 
abstract 

not stated 
in abstract 

2024 Zhao, Chen, 
Ge et al. 

Improved RT-DETR 
(RepBlock + EMA) 

Fruit ripeness 
(multi-crop: 
banana, 
tomato) 

Accuracy vs. 
baseline RT-
DETR / YOLOv8 

improvement 
reported; 
single 
headline % 
not stated in 
abstract 

not stated 
in abstract 

2025 Wu, Qiu, 
Wang, Su, 
Cao & Bai 

YOLOv8n + 
BiFPN/SPD-Conv + 
YOLOv8n-seg 

Mango (fruit + 
stem + picking 
point) 

Detection 
precision/recall 
(fruit/stem) / 
picking-point 
success rate 

98.9%/97.1% 
precision; 
99.5%/94.6% 
recall; 
92.01% 
success 

4 varieties, 
2 weather 
conditions 
(count not 
stated) 

2024 Li, Huang, 
Gu, He, 
Huang & 
Wang 

YOLOv8s + 
YOLOv8s-seg-
CBAM 

Strawberry 
(peduncle / 
picking point) 

Peduncle 
detection 
accuracy / 
inference time 

86.2% @ 30.6 
ms/img. 

not stated 
in abstract 

2024 Xie et al. 

Mask R-CNN ('Mask 
Positioner') 

Green 
persimmon 
(segmentation) 

Segmentation 
accuracy / 

67.4% / 
69.1% 

purpose-
built 
green-

2023 Lu, Ji, Yang 
& Jia 
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Architecture Crop / Target Key Metric 
Reported 
Value 

Test-set 
size 
(approx.) 

Year Source 

detection 
accuracy 

persimmon 
dataset 
(count not 
stated) 

Note: every figure in this table is now either a specific, source-checked value or an explicit statement that 
the source does not report one — no cell states an unqualified vague claim. Test-set size is reported where 
stated in the source abstract; "not stated in abstract" means the underlying study may report this in its 
full text (which was not re-derived for every entry in this revision) rather than that no such information 
exists. Readers requiring an exact figure, or a test-set size not visible in the source abstract, should consult 
the cited primary source directly. 

 
Figure 5. Approximate peak-adoption window for each detector family in fruit and vegetable detection 
research, 2014–2026. Bars indicate when each family was the dominant choice in newly published 
studies, not the full span of individual papers still being published using that family — for example, 
YOLOv7 and even Faster R-CNN variants continued to appear in the literature after 2022, alongside newer 
generations. 
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Figure 6. Individual mAP-family results (mAP, mAP50, or AP@0.5) reported for fruit or vegetable 
detection tasks specifically, plotted by publication year. Only Table 1 entries reporting an absolute value 
on this metric family for a fruit/vegetable task are shown; entries reporting precision, F1, accuracy, RMSE, 
or a delta relative to a baseline are excluded here because they are not numerically comparable to mAP 
on the same axis, and COCO general-benchmark entries are excluded because COCO AP and orchard-
image mAP50 are computed against different, non-comparable object populations. This is a sparser, 
more honest picture than a smoothed generational trend line would suggest, and readers should not 
extrapolate a general 'newer is better' pattern from six data points spanning six different crops and 
evaluation protocols. 
Table 2. Advantages and limitations of each detector generation for fruit and vegetable detection. 

Architecture generation Key advantage Key limitation for harvesting robots 

Faster R-CNN (two-
stage) 

High localization precision; strong 
on well-separated fruit 

Inference too slow (150–300 ms) for 
continuous robotic cycles; accuracy 
drops sharply on small/overlapping fruit 

SSD (one-stage) Good speed–accuracy balance; 
effective on well-lit, single-fruit 
scenes 

Weaker on side-grown or partially 
occluded fruit; multi-scale detection less 
robust than later YOLO versions 

YOLOv3–v4 Real-time inference; good general 
accuracy after crop-specific tuning 

Anchor-box design struggles with dense 
clusters and extreme aspect-ratio fruit 
(e.g., asparagus, banana) 

YOLOv5–v7 Mature tooling, easy deployment, 
strong community support and 
pretrained models 

Still anchor-based; degraded 
performance at night and on green-on-
green (unripe) fruit without added 
modules 
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Architecture generation Key advantage Key limitation for harvesting robots 

YOLOv8–v13 (anchor-
free) 

Best current accuracy–latency 
trade-off; decoupled head 
improves small/dense-object 
detection; lightweight variants 
(n/s) deploy well on edge hardware 

Generation number is not a reliable 
performance proxy for a specific 
crop/task — see the domain-shift 
discussion in Section 3.3 and the 
preprint field comparison of Sapkota, 
Meng, Churuvija, Du, Ma & Karkee 
(2024, ref. [95]); rapid version churn also 
complicates reproducibility 

RT-DETR family 
(transformer) 

Global self-attention gives every 
detection a full-image receptive 
field from the first layer, which 
helps specifically in severe 
occlusion/clustering (Section 3.4); 
NMS-free, avoiding the true-
positive-suppression failure mode 
NMS causes in overlapping fruit 
clusters 

Higher base compute cost; competitive 
edge deployment requires custom 
lightweighting (RepBlocks, pruning, 
quantization); benefit is task-dependent 
and not guaranteed in less cluttered 
scenes 

Instance segmentation / 
pose (Mask R-CNN, 
YOLOv8-seg/-pose) 

Delivers an actual picking point 
(stem/peduncle), not just a 
bounding box — the quantity 
harvesting manipulators actually 
need 

Higher annotation cost (pixel/keypoint 
labels); accuracy still degrades under 
severe stem occlusion (an amodal-
perception problem, Section 3.5) and on 
green-on-green targets (e.g., 67.4% 
segmentation accuracy reported by Lu 
et al., 2023, on green persimmon); fewer 
standardized benchmarks than box-
detection tasks 

 
4. Image Preprocessing, Feature Extraction, and Segmentation 
Before deep features are extracted, most pipelines still apply lightweight preprocessing: noise reduction 
(mean, median, Gaussian, or bilateral filtering), colour-space conversion (commonly RGB to HSV, which 
better separates fruit chroma from background foliage under variable lighting), and geometric 
normalization (resizing, cropping). Prior to the widespread adoption of CNNs, feature extraction relied 
on handcrafted descriptors — HOG, LBP, SIFT, SURF, and Haar-like features — which encoded colour, 
shape, and texture explicitly. Liu et al. used HOG descriptors to localize apple fruit; Wang et al. combined 
LBP with HOG for improved robustness; Song et al. applied SIFT-based feature matching for fruit 
identification. These approaches required substantial manual feature engineering and generalized 
poorly across cultivars and lighting conditions. 
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CNNs eliminated this manual feature-engineering step by learning hierarchical features directly from raw 
images. Sakai et al. and Femling et al. compared CNN backbones (MobileNet, Inception) for fruit 
classification, finding MobileNet achieved comparable accuracy at substantially lower computational 
cost — a result that anticipated the field's later emphasis on lightweight, edge-deployable backbones 
(Section 6). Image segmentation remains a complementary step, particularly where a precise fruit or 
peduncle boundary — not just a bounding box — is required for picking-point estimation (Section 3.5). 
Thresholding and clustering (e.g., k-means, k-means++) remain the most common lightweight 
segmentation methods; Tang et al. applied k-means++ to Camellia oleifera fruit segmentation, and 
region-based, edge-detection, and graph-cut methods have each been applied for specific crop 
geometries. The Circular Hough Transform remains a useful post-processing tool for round fruit (apples, 
Camellia oleifera, tomatoes) but is computationally expensive and prone to false positives from non-fruit 
circular structures such as leaf outlines. 
5. From Detection to Grasping: The Autonomous Harvesting Pipeline 
Detection is one stage within a larger robotic pipeline. A typical autonomous harvesting system executes 
five steps: (1) image capture, typically via a stereo or RGB-D camera mounted on or near the end-
effector; (2) detection/localization of the fruit (and, increasingly, its picking point) within the captured 
image; (3) motion planning, moving the manipulator toward the estimated target while accounting for 
occlusions and kinematic constraints; (4) verification, confirming the target remains within the effector's 
grasp envelope before final approach; and (5) harvesting, executing the grasp-and-detach action via an 
end-effector — commonly a suction cup, a soft gripper, or a scissor/twist mechanism — while minimizing 
fruit damage and bruising. 

 
Figure 7. General procedure for robotic harvesting of fruits and vegetables (adapted from the original 
review pipeline; see Section 5 for step descriptions). 
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Reported end-to-end performance illustrates the gap between detection accuracy and harvesting 
success. Yaguchi et al. reported a tomato-harvesting robot achieving an 80 s/fruit cycle time at a 60% 
success rate despite reasonable detection accuracy — the shortfall traceable to motion-planning and 
grasp-verification failures downstream of detection. Arad et al. developed a multi-view sweet-pepper 
harvesting prototype for greenhouse deployment, and more recent systems (Au et al., 2023, for kiwifruit; 
Section 3.5 citations for grape and strawberry) integrate stereo or LiDAR-camera calibration explicitly to 
reduce this detection-to-grasp gap. This reinforces a point raised in Section 3.5: detection mAP alone is 
an incomplete performance indicator for harvesting-robot design, and future reporting should include 
end-to-end (detection-to-successful-detach) success rate wherever feasible. 
6. Edge Deployment and Real-Time Inference Considerations 
A model that performs well on a workstation GPU does not necessarily perform adequately on the 
embedded hardware (NVIDIA Jetson family, Raspberry Pi, or similar) that field-deployed harvesting 
robots typically carry, where power, weight, and cost (SWaP-C) constraints are binding. This deployment 
gap is under-addressed in most fruit-detection studies published before 2023, which report accuracy on 
workstation hardware without embedded-latency figures — a reporting gap this review flags explicitly 
as a methodological limitation of the field. 
Three model-compression strategies dominate the recent literature: quantization (reducing numerical 
precision, e.g., FP32 to INT8 or FP16, to cut memory bandwidth and increase throughput), pruning 
(removing redundant weights or channels), and knowledge distillation (training a compact 'student' 
network to reproduce a larger 'teacher' network's outputs). A 2026 review of quantization-optimized 
lightweight transformer architectures for edge fruit-ripeness detection (ref. [94]) reports that combining 
these three strategies allows Vision-Transformer and DETR-family models — which are otherwise too 
heavy for platforms such as Jetson Nano or Raspberry Pi — to reach usable frame rates, though almost 
always with a measurable accuracy cost relative to the unquantized model; we flag, as noted in the 
reference list, that this specific source's full author list was not independently confirmed in this revision, 
and this paragraph's claim should be re-checked against the primary source before the section is treated 
as fully verified. Within the YOLO family specifically, the nano/small variants (e.g., YOLOv8n, YOLOv5s) 
were purpose-built for this constraint and are the default starting point for on-robot deployment 
discussed throughout Section 3; two further examples sometimes cited in this context — a lightweight 
YOLOv8n variant for citrus edge deployment, and a YOLOv5s-BiPCNeXt variant reported at 26 FPS on a 
Jetson Orin Nano — could not be traced to a specific, citable primary source in this revision and are 
removed from the claims made here rather than left in without attribution. 
For harvesting-robot design, this suggests a practical rule that is under-stated in most existing reviews: 
architecture selection should be made jointly with target hardware, not by accuracy leaderboard alone. 
A transformer-based detector reporting the highest COCO-style accuracy is not automatically the right 
choice if the deployment platform cannot sustain its frame rate without aggressive quantization that 
erodes the accuracy advantage that motivated its selection in the first place. 
7. Benchmark Datasets 
Fair cross-study comparison in this literature is limited by the absence of a small number of standardized, 
widely adopted benchmark datasets analogous to COCO or PASCAL VOC in general object detection. 
Most studies train and evaluate on privately collected, single-crop, single-site datasets, which makes the 
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accuracy figures in Table 1 informative within a study but not strictly comparable across studies. Table 3 
lists the most commonly used public datasets identified in this review; researchers are encouraged to 
report results on at least one public benchmark alongside any private field dataset to support 
reproducibility. 
Table 3. Commonly used public datasets for fruit and vegetable detection research. 

Dataset Total 
images 

Scope Source / access Year 

Fruits-360 90,380 130+ fruit/vegetable 
classes, controlled 
background, classification-
oriented 

Kaggle 
(kaggle.com/datasets/moltean/fruits) 

2020 

USDA Apple 
Detection Set 

1,300 Apple detection, orchard 
imagery 

USDA National Agricultural Library 
(data.nal.usda.gov) 

2020 

Sweet Pepper 
and Peduncle 
Segmentation 

620 Sweet pepper fruit + 
peduncle segmentation 
masks 

Kaggle 
(kaggle.com/datasets/lemontyc/sweet-
pepper) 

2021 

Fruit Quality 
Classification Set 

19,526 Multi-fruit ripeness/quality 
classification 

Kaggle 
(kaggle.com/datasets/ryandpark/fruit-
quality-classification) 

2022 

MinneApple ~1,000 
(41,000+ 
annotated 
apples) 

Apple detection and 
instance segmentation in 
orchard, high annotation 
density 

University of Minnesota (public 
benchmark) 

2020 

ACFR Orchard 
Fruit Dataset 
(apples, 
mangoes, 
almonds) 

~3,000 
combined 

Multi-crop orchard 
detection benchmark used 
in several Faster R-CNN 
studies 

University of Sydney ACFR (public 
benchmark) 

2016 

GrapeCS3D / 
vineyard grape-
cluster sets 

Varies by 
release 

Grape cluster and peduncle 
detection/segmentation 
for harvesting-point 
research 

Institution-specific releases (see citing 
studies) 

2023–
2024 

Note: MinneApple and the ACFR orchard set are included here as widely cited public benchmarks beyond 
the three datasets retained from the original manuscript; researchers should verify current access links 
before citing, as hosting locations for research datasets change over time. 
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8. Critical Challenges: A Synthesis 
Rather than list challenges as an unordered set, this section groups them by root cause, since several 
surface-level 'challenges' reported across studies share a common underlying driver. 
8.1 Data-driven challenges 
Dataset scarcity and annotation quality remain the most frequently cited limitation across the reviewed 
studies. Because most datasets are private, single-site collections, models trained on them tend to 
overfit to the specific orchard, lighting regime, and cultivar sampled, which explains why accuracy figures 
in Table 1 vary so widely across studies of the same crop (e.g., reported apple mAP/mAP50 ranging from 
87.9% in an early Faster R-CNN study to 99.2% in a 2024 lightweight YOLOv8 variant, on entirely different 
datasets, test-set sizes, and evaluation protocols — a spread that says as much about the incomparability 
of the underlying evaluations as about genuine architectural progress). Annotation cost compounds this: 
pixel-level (segmentation) and keypoint (picking-point) labels required by the approaches in Section 3.5 
are substantially more expensive to produce than bounding boxes, which slows the growth of the very 
datasets this generation of methods needs most. 
8.2 Scene-driven challenges 
Occlusion (by leaves, branches, or other fruit), fruit clustering, and illumination variability (direct sun, 
backlighting, night operation) remain the dominant scene-level failure modes across every architecture 
generation reviewed — including the newest transformer-based detectors, which mitigate but do not 
eliminate occlusion-related errors (Section 3.4). As distinguished in Section 3.5, occlusion is not a single 
phenomenon: extrinsic occlusion (by other objects) calls for amodal reasoning about hidden geometry, 
while self-occlusion (the fruit's own shape hiding its stem from the current viewpoint) calls for active or 
multi-view vision instead. Treating both under one generic 'occlusion' label, as most of the studies 
synthesized here do, obscures the fact that they need different technical solutions — a distinction this 
review is able to make explicit only because it looked specifically at the picking-point-localization 
literature in Section 3.5, and one worth carrying forward into how future studies scope their 
contribution. Colour similarity between unripe fruit and foliage (the 'green-on-green' problem) is a 
persistent special case that continues to reduce accuracy specifically for early-harvest or immature-fruit 
detection tasks (Section 3.3), and is illustrated starkly by the 67.4% segmentation accuracy Lu et al. 
(2023) report for green persimmon against the 90%+ figures typical of mature, high-contrast fruit 
elsewhere in Table 1. 
8.3 Deployment-driven challenges 
As detailed in Section 6, a substantial share of published models are validated only on workstation-class 
GPUs, leaving their real-world, on-robot throughput and accuracy under quantization/pruning 
unreported. This is a methodological gap in the literature itself, not only a technical limitation of the 
models: it makes it difficult for practitioners to select an architecture based on published results alone. 
8.4 Reporting and comparability challenges 
As Table 1 illustrates, studies rarely share a common metric, test set, or baseline, and "headline" 
accuracy figures are frequently non-comparable across papers even for the same crop. Very few studies 
report end-to-end harvesting success rate (as opposed to detection accuracy alone), despite the 
demonstrated gap between the two (Section 5). This absence of standardized reporting is arguably the 
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field's most tractable near-term problem, since it requires a reporting-convention change rather than a 
new algorithmic breakthrough. 
8.5 Publication bias and the limits of what this review can conclude 
One further limitation needs to be stated directly rather than left implicit, because it qualifies every 
quantitative claim made in this review, including the apparent generational improvement visible in 
Figure 6. Papers proposing a new architecture or modification for a fruit-detection task are, by the 
ordinary mechanics of academic publishing, far more likely to be written up and accepted when the 
reported result beats a prior baseline than when it does not; negative or null results relative to a stated 
baseline are correspondingly under-represented in the published record this review draws on. Of the 94 
studies synthesized here, essentially none report a result that performed worse than the baseline the 
authors set out to improve upon — which is not evidence that every attempted architectural 
modification in this space succeeds, but rather the expected signature of publication bias operating on 
this literature. A mAP of 99.2% for a proposed YOLOv8 variant (Table 1) describes the one configuration 
that was judged good enough to publish, not the distribution of outcomes across every configuration 
that was actually tried. This means the rising trend suggested by Figure 6 should be read cautiously: 
some of it likely reflects genuine architectural progress (for the mechanistic reasons given in Sections 3.3 
and 3.4), and some of it is very plausibly an artefact of which results made it into print. This review has 
no way to separate the two from the published literature alone, and neither, we suspect, could any other 
narrative review drawing on the same body of work; disentangling them would require either access to 
unpublished negative results or a pre-registered, adversarially-run comparative benchmark, neither of 
which currently exists for this task. 
9. Future Research Directions 

1. Standardized, multi-site public benchmarks with paired bounding-box, segmentation, and picking-
point annotations, ideally released with an accompanying leaderboard, to make the cross-study 
comparisons in Table 1 meaningful rather than illustrative. 

2. End-to-end reporting conventions: alongside detection mAP, studies should report on-device 
inference latency on a named embedded platform and, where a robot prototype exists, detection-
to-successful-harvest success rate — closing the gap identified in Sections 5 and 8.4. 

3. Foundation-model-assisted annotation: recent vision foundation models (e.g., segmentation-
prompted labelling tools) offer a plausible route to reducing the pixel/keypoint annotation cost 
identified in Section 8.1, though their application specifically to fruit/vegetable datasets remains 
largely unvalidated and is flagged here as an open direction rather than an established practice. 

4. Domain generalization and cross-cultivar robustness: because most models are trained on a single 
orchard/cultivar/season, systematic evaluation of cross-domain transfer (different farm, season, 
cultivar, or geographic region) should become a standard ablation, not an afterthought. 

5. Multimodal sensor fusion (RGB-D, LiDAR, and, where relevant, hyperspectral or thermal imaging) 
to resolve depth and occlusion ambiguity that single-RGB pipelines cannot, building on the 
stereo/LiDAR-fusion work already emerging for kiwifruit and grape harvesting; active or multi-view 
vision (deliberately repositioning the camera, or fusing multiple fixed viewpoints) deserves specific 
attention as the more natural solution to self-occlusion specifically (Section 3.5/8.2), as distinct 
from the amodal-reasoning approaches better suited to extrinsic occlusion. 
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6. Task-matched architecture selection guidance: given the finding (Section 3.3) that generation 
number does not reliably predict task-specific performance, the field would benefit from a 
maintained, crop-specific benchmarking resource rather than relying on general-purpose (COCO-
style) leaderboards as a proxy for agricultural performance. 

7. Lightweighting research specifically for transformer-based detectors (quantization, pruning, 
distillation) so that RT-DETR-family accuracy advantages in heavy-occlusion scenes (Section 3.4) 
become available on the embedded hardware harvesting robots actually carry. 

8. Pre-registered, adversarially-run comparative benchmarks — where the evaluation protocol, test 
set, and success criterion are fixed before results are known — as a structural response to the 
publication-bias problem identified in Section 8.5, which incremental reporting-convention fixes 
alone cannot solve. 

10. Conclusion 
This narrative comparative review synthesized deep-learning approaches to fruit and vegetable 
detection for autonomous harvesting across seven detector generations, from two-stage R-CNN variants 
through to transformer-based RT-DETR models and pose-based picking-point localization. Three 
conclusions follow from the synthesis in Table 1 and Sections 3–8, held alongside the caveat set out in 
Section 8.5: because this literature under-reports negative results by the ordinary mechanics of 
publication bias, these conclusions describe what has been shown to work when it works, not a 
controlled ranking of architectures. First, no single architecture is universally best: two-stage detectors 
retain a localization-precision advantage that one-stage detectors have not fully closed, anchor-free 
YOLO variants (particularly YOLOv8–v9) currently offer the strongest general-purpose accuracy–latency 
trade-off for on-robot deployment, and RT-DETR-family transformers offer a genuine, mechanistically 
grounded advantage specifically in severe-occlusion, dense-cluster scenes (Section 3.4) at a compute 
cost that requires active lightweighting to deploy on embedded hardware. Second, the field's more 
pressing bottleneck is arguably not architectural but methodological: the scarcity of standardized multi-
site datasets, the near-absence of embedded-hardware and end-to-end success-rate reporting, and the 
field's own lack of study-quality appraisal (Section 2) together make it difficult to translate published 
accuracy figures into deployment decisions with confidence. Third, the shift from bounding-box 
detection toward instance segmentation and keypoint-based picking-point localization (Section 3.5), and 
the sharper distinction it enables between extrinsic and self-occlusion (Section 8.2), reflects a maturation 
of the field's understanding of what a harvesting robot actually needs from its vision system, and this 
shift — more than any single new architecture — is likely to define the next several years of progress. 
Closing the reporting, quality-appraisal, and publication-bias gaps identified in Sections 8.4 and 8.5 
would, in the authors' assessment, do as much to accelerate real-world deployment of autonomous 
harvesting as any single new detection architecture. 
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