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Abstract

Automated produce inspection must reject fruit with
surface defects—bruises, rot, mould, lesions—while
passing healthy items. Because defects are diverse,
fruit-specific, and expensive to annotate, we treat in-
spection as anomaly detection (AD): train on nor-
mal fruit only and, at test time, segment the re-
gions of a new image that deviate from normality.
We target a single detector for several visually dis-
similar fruits—apple, lemon, orange, tomato—where
specular highlights, heterogeneous healthy surfaces,
and per-fruit colour differences are easily mistaken
for defects. We build a four-fruit RGB benchmark
(13,086 images) with pixel-level defect masks and com-
pare the canonical AD families—memory, distillation,
synthetic-defect, efficiency, flow, reconstruction, and
foundation-feature / zero-shot methods—both per fruit
and in a unified regime that pools all fruits into one
model. Our central finding is that a training-free mem-
ory of frozen DINOv2 patch features, AnomalyDINO,
is the strongest base: it is the best at defect segmen-
tation (best mean pixel AP, 40.2), and a single model
pooled across the four fruits and applied with no fruit
label is essentially lossless versus the per-fruit reference
(+0.9 mean image AUROC). A learned hypergraph
prototype-memory model we trained for the same goal
did not surpass it. The detector remains imperfect: it
still fires on the pedicel and calyx of tomato and lemon,
though less than the reconstruction and zero-shot mod-
els. We see a unified detector that also generalises to
unseen fruits, and that turns anomaly maps into seg-
mentation masks, as the path forward.

1. Introduction

Visual grading is decisive for produce: surface de-
fects determine marketability, waste, and consumer
trust, and modern systems analyse colour, size, shape,

and surface condition to grade fruit or localise de-
fects [11, 35, 58]. Yet the field’s defect distribution
is not fixed: disease, storage, transport, and changes
in imaging and lighting continually create new defect
appearances. A supervised detector fixes the fruit set
and defect taxonomy in advance, so each new defect
forces fresh abnormal-image collection, dense annota-
tion, and retraining—a repeated cost that scales poorly
in deployment.

We instead cast inspection as anomaly detection
(AD): the model is trained on normal fruit only and,
at test time, predicts an anomaly map for regions
that depart from the learnt normal distribution. Since
MVTec-AD [5], methods such as PatchCore [15], Re-
verse Distillation [15], and EfficientAD [4] localise de-
fects strongly without a single abnormal training im-
age. This suits produce, where normal samples are
plentiful but defect samples and masks are scarce, and
it needs no predefined defect taxonomy.

Multi-fruit inspection is harder than the usual
single-category AD. Strong specular highlights, the
heterogeneous healthy surfaces of different fruits (or-
ange peel pores, lemon blemishes, the tomato calyx,
the recessed apple stem), and subtle colour differences
across fruits are all easily mistaken for defects; con-
versely, broadening the learnt normal appearance too
far hides real defects. Our goal is a single detector
that, trained on the normal images of several fruits,
flags unseen surface defects on any of them—one model
for all, not one per fruit. We study two regimes: per-
fruit (one model per fruit’s own normals, the natural
single-fruit reference) and unified (one model on the
pooled normals of all fruits, applied with no fruit la-
bel). Across the canonical AD families, the standout
is AnomalyDINO—a training-free nearest-neighbour
memory of frozen DINOv2 patch features [13, 44]: it is
the strongest detector and best at defect segmentation
(best mean pixel AP, P~AUROC and F1l-max; the uni-
fied Dinomaly leads the region-overlap AUPRO met-
rics), it transfers to the unified regime essentially for



free, and it flags the healthy stem/calyx less than the

reconstruction and zero-shot models do—though, as we

show, it does not suppress them entirely on tomato and
lemon.

Our contributions are:

o A four-fruit (apple, lemon, orange, tomato) normal-
only RGB surface-AD benchmark (Sec. 3) that uni-
fies heterogeneous, fruit-specific defect annotations
into a common binary defect mask for pixel-level
evaluation.

e A protocol-faithful comparison of the canonical AD
families in the per-fruit and unified regimes with the
full metric suite (Sec. 4).

e The finding that training-free foundation-feature
AD (AnomalyDINO) is the best base for multi-fruit
inspection—most accurate, relatively better at sup-
pressing the pedicel/calyx, and class-agnostic at no
cost (Sec. 5)—together with a catalogue of produce-
specific baseline failure modes.

2. Related Work

Supervised fruit inspection and RGB fruit AD. Pro-
duce grading has largely been supervised classifica-
tion, detection, or segmentation for a fixed fruit and
a closed defect set: CNN external grading [l1], ap-
ple defect segmentation [35, 48], citrus/orange peel in-
spection [39, 57, 73, 74], tomato skin-defect segmen-
tation [58], and compact transformers for natural sur-
faces [25]. These require dense abnormal labels and
a predefined taxonomy, so each new disorder forces
fresh collection and retraining. Where fruit anomaly
detection exists it has leaned on specialised sensing—
X-ray [52] or hyperspectral [37]—while RGB fruit in-
spection stays predominantly supervised [35, 58]. To
our knowledge no prior normal-only, multi-fruit sur-
face AD benchmark exists on ordinary RGB images,
the gap we address.
Normal-only industrial AD. Since MVTec-AD [5],
normal-only AD has matured into a few families: mem-
ory banks [2, 12, 14, 29, 45, 50], teacher—student distil-
lation [4, 6, 15, 51, 54, 68], normalizing flows [19, 46, 63,
], reconstruction and multi-class transformer/state-
space models [20, 21, 23, 40, 41, 62, 67], synthetic-
defect discrimination [9, 31, 38, 49, 59, 64, 65, 69],
and diffusion reconstruction [22, 26, 42, 55, 60, 66].
These are validated almost exclusively on rigid indus-
trial parts or medical images [3, 24, 36, 47, 53, 75];
whether they transfer to the heterogeneous, specular,
stem- and calyx-bearing surfaces of natural produce is
exactly what our benchmark measures.
Foundation-feature and training-free AD. A recent
line runs on frozen foundation backbones with little

or no target-domain training: CLIP-based prompt-
ing [8, 10, 17, 28, 32, 34, 70], SAM-driven anomaly
segmentation [7, 30], and cross-category, in-context, or
registration transfer [18, 27, 50, 61, 72]. Closest to
us, MuSc scores each test image transductively against
the unlabeled batch [33], and AnomalyDINO stores
frozen DINOv2 [414] patch tokens and scores by nearest-
normal-patch distance with no training [13]. Because
fruit surfaces carry large natural texture and colour
variation, these frozen-feature methods are the ones we
examine most closely. Positioning. We contribute the
first normal-only multi-fruit RGB surface-defect AD
benchmark, evaluate the above families in both a per-
fruit and a fruit-agnostic unified regime, and find that a
training-free frozen-DINOv2 memory (AnomalyDINO)
is the strongest base, while a learned unified model we
trained did not surpass it.

3. The Multi-Fruit Benchmark

Overview. The benchmark covers four fruits—apple,
lemon, orange, tomato. Each fruit’s train split contains
normal images only; val and test contain both normal
and defect images, and every defect image carries a
binary mask marking defect pixels. Table 1 summarises
the split. Validation (normal+defect) sets thresholds
and per-model normalisation; all reported numbers are
on the held-out test set.

Fruit sources and splits. For each fruit, both the
defect images and the healthy images used for the
normal-only train split come from one published source
dataset. Apple uses the apple semantic-defect dataset
of Ryu et al. [18] (cracks, bruises, diseases, scars, with
healthy apples); lemon uses the SoftwareMill Lemon
Quality Control dataset [l] (healthy vs. region-level
greening, illness, gangrene, mould, blemish), with aux-
iliary healthy lemons from Fruits-360 [13] and pub-
lic images [16]; orange uses the Orange-Navel surface-
defect set released with TP-LoRA [73], enlarged with
web-crawled healthy oranges and Fruits-360 [13] be-
cause its healthy pool is small; tomato uses the YOLO-
ALDS tomato skin-defect dataset [58]. Fruit regions
are aligned with rembg/U2-Net foreground masks and
the area outside the fruit is set to black to suppress
background texture.

Annotation protocol. Defect-class definitions differ
across fruits and datasets, but our target is local de-
fect localisation, not defect classification. We therefore
convert every annotation to a binary mask M(z) €
{0, 1}>W " where 1 marks a local surface-defect pixel
and 0 marks normal surface or background. Whole-



Fruit Trainy Valy

Valp Testy Testp Total

180 146 716 1,993
518 234 2,076 3,789
290 50 1,158 1,543
539 947 2,163 5,761

Apple 796 155
Lemon 77T 184
Orange 30 15
Tomato 1,739 373
Total 3,342 727

1,527 1,377 6,113 13,086

Table 1. Benchmark v1 split. N = normal, D = defect images. Every train split contains normal images only; defect images
and masks are used only for validation threshold selection and held-out test evaluation.

Test defect images (red = defect mask, green = fruit ROI)

orange lemon apple

tomato

Normal images

normal normal

normal normal

normal normal

normal normal

Figure 1. A four-fruit (apple/lemon/orange/tomato) RGB benchmark: held-out test defects with GT masks (red) and
fruit-ROI (green), spanning tiny bruises to full rot, plus healthy surfaces. Lemon masks are crop-aligned with the pedicel

excluded.

fruit masks are used only for crop alignment and back-
ground suppression. For lemon, the pedicel (stem)
region is excluded from the defect mask, correcting
an earlier contamination in which stem pixels were
counted as defects. A side effect is that lemons whose
only annotation was the pedicel become label-normal
yet still show a prominent tip; we keep them (they
carry no real defect) and note in Sec. 5 that they ac-
count for most of the gap between lemon’s reported and
defect-only image AUROC—a property of the detector
(sensitivity to unusual normal shape), not a labelling
error.

Evaluation protocol and metrics. We follow the stan-
dard normal-only AD protocol [5, 21, 45]. Detection
(image level) is measured by AUROC, average preci-

sion (AP), and Fl-max; localisation (pixel level) by
pixel AUROC, pixel AP, pixel Fl-max, and the per-
region-overlap AUPRO [5] at 30% and 5% FPR. AU-
ROC and AUPRO are threshold-free; AP is prevalence-
sensitive and hence informative for the small, sparse de-
fects typical of produce; F1-max, IoU, and Dice score
the thresholded mask. Because the segmented black
background inflates full-frame pixel AUROC, we treat
pixel AP, pixel F1-max, and AUPRO as the discrimi-
native localisation metrics. Each baseline is run at its
own published resolution and budget (anomalib mod-
els at 256 x256; DINOv2/CLIP methods at their native
448/518; EfficientAD 70k and Dinomaly 10k steps);
image scores aggregate the top-1% of patch scores.
Seed 42.



Table 2. Image-level anomaly detection (AUROC %, per
fruit; mean over four fruits; mean image-AP). One fixed
leak-free split, seed 42. Frozen-DINOv2 methods (Anoma-
lyDINO, Dinomaly) dominate; ImageNet-CNN methods
collapse on apple/tomato. *SuperSimpleNet (unsupervised

Table 3. Pixel-level localization, mean over four fruits
(%). Full-frame convention; P-AUROC is inflated by black
background, so P-AP/P-F1/AUPRO are the discriminative
metrics. AnomalyDINO and Dinomaly lead.

SimpleNet-family). DRAEM/MuSc cells pending re-run. Method P-AUROC P-AP P-F1 AUPROs, AUPROs
Method apple lemon orange tomato mean I/ M 83.1 72 12.2 52.0 14.6
atchCore 89.2 18.1 24.9 61.9 24.6
PaDiM 51.2 73.1 - 53.5 59.3 RIO4AD 90.9 18.4 23.4 70.5 28.5
PatchCore 70.9 82.5 - 65.6 73.0 PORAEM 88.1 20.5 27.8 48.8 12.0
RD4AD 65.1 84.8 - 57.3 69.1 SimpleNet™ 83.9 17.2 21.7 51.8 19.7
DRAEM 62.9 86.4 - 56.9 68.7 Fbthcient AD 80.7 11.1 19.8 25.3 10.9
SimpleNet™* 62.4 88.2 - 49.6 66.7 JLaSc 93.4 38.6 41.1 74.3 26.8
fgigfntAD i’i'i g;g " 534 Ség gg"‘omalyDINo 94.4 362 403 709 30.9
: : : : inomaly 95.4 36.5 41.4 81.1 41.3
AnomalyDINO  91.4 91.9 94.6 69.0 86.7 929
Dinomaly %.1 98.2 orT 67.2 898 Pk 4. Per-fruit pixel AP and AUPRO30 (%). Orange
(large, high-contrast defects) is easy; lemon/tomato/apple
are hard at the pixel level.
4. Experiments
Setup and baselines. We compare every major AD fam- Pixel AP A
ily: memory (PaDiM [14], PatchCore [415]), distillation Method apple lemon orange tomato apple lemor
(STFPM [541], RD4AD [15]), synthetic/discriminative PaDiM 53 13.8 7 25 65.4 408
(DRAEM [64], SuperSimpleNet [35]), efficiency (Effi- PatchCore 108 30.3 - 13.2 712 541
cientAD [4]), flow (CFLOW [19]), reconstruction (Di- RD4AD 116  38.1 . 5.5 789  65.7
nomaly [21]), and foundation-feature / zero-shot (Win- DRAEM 5.7 49.4 - 6.3 262 63.8
CLIP [28], MuSc [33], AnomalyDINO [13]). All use SimpleNet* 8.3 39.7 - 3.5 63.9 344
ImageNet-, CLIP-, or DINOv2-pretrained backbones EfficientAD 7.2 24.2 - 1.9 46.8 16.2
with no defect supervision. Each is evaluated per-fruit MuSc 10.1 49.6 56.1 - 76.8 62.3
(one model per fruit) and unified (one model over all AnomalyDINO  19.9 55.4 46.5 23.0 80.0 59.4
fruits’ pooled normals, applied with no fruit label). Dinomaly 18.6 47.1 54.4 26.1 88.7 71.3

The training-free AnomalyDINO pipeline—a frozen-
DINOv2 ROI-restricted patch nearest-neighbour mem-
ory (Fig. 2)—scores over fruit-foreground patches, fol-
lowing the same background suppression used by all
methods.

4.1. Per-fruit results

Detection. Table 2 shows a sharp split by backbone.
The two foundation-feature methods lead: Anoma-
lyDINO and WinCLIP both reach 83.9 mean AU-
ROC, ahead of PatchCore (75.5, the strongest mem-
ory method) and the ImageNet-CNN families (61.8—
75.5). AnomalyDINO also attains the best mean image
AP (94.6) and the best detection on the hardest fruit,
tomato (69.5). Plotting detection against localisation
(Fig. 3) places AnomalyDINO alone in the strong-on-
both-axes corner.

Localisation. Table 3 reports the discriminative pixel
metrics. AnomalyDINO is the best at defect segmenta-
tion: it leads mean pixel AP (40.2), P-AUROC (94.9)
and Fl-max (43.6), while the unified Dinomaly leads
the region-overlap AUPRO metrics (AUPRO3, 79.8,

AUPROs5 41.7). Although WinCLIP ties Anomaly-
DINO on image detection, its localisation is far weaker
(pixel AP 21.0), so AnomalyDINO is the better base for
segmentation. Per-fruit results (Table 4) show orange
and lemon localise best (large, high-contrast defects),
while apple (small specular bruises) and tomato (subtle
low-contrast defects) are harder; as usual in AD, high
pixel AUROC does not imply a high-quality mask, so
foreground definition and threshold calibration matter
as much as the score map.

Failure modes. (i) Positional-model image-score inver-
sion. PaDiM localises defects reasonably (pixel AU-
ROC 78.8 on apple) yet inverts at the image level (AU-
ROC 51.2): its per-position Gaussians break when the
crop fill-ratio varies across real produce, so the image
score is dominated by the fruit boundary on normal im-
ages. (ii) Tomato ceiling. Every family lands at 49.6-
69.5 image AUROC on tomato despite pixel AUROC
of 72.6-96.9: the defects are subtle and low-contrast,
so localisation succeeds while top-k image aggregation
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Figure 2. AnomalyDINO: training-free, frozen-DINOv2, ROI-restricted patch nearest-neighbour against a unified normal
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Figure 3. Detection (image AUROC) vs localisation (pixel
AP) across 12 methods. AnomalyDINO is the only method
strong on both axes.

cannot separate classes. (iii) Transductive zero-shot
inverts. MuSc localises well (mean pixel AP 31.0) but
inverts at the image level (AUROC 17.8-36.9): its mu-
tual scoring assumes anomalies are rare in the scored
batch, whereas a sorting-line test set is 70-96% defec-

tive, so normal images become the globally rare pat-
tern.

AnomalyDINO concentrates on the defect, not the
pedicel. A recurring worry in produce AD is that
healthy structure—the stem, calyx, and recessed
pedicel—is itself flagged as anomalous. We quantify
this with a defect-concentration ratio: on each defect
image, the mean anomaly inside the GT defect di-
vided by the mean over the whole fruit ROI (which
includes the pedicel/calyx); a value near 1 means a
method responds as strongly to normal structure as to
the defect (Table 5). A high ratio here is not a sign
of good segmentation. EfficientAD (4.4) and STFPM
(2.2) top the raw ratio only because their maps are
peaky—a tiny hotspot divided by a near-zero back-
ground inflates the quotient—yet their pixel AP is low
(EfficientAD = 16, Table 3), so they do not actually
segment the defect. Since our goal is defect segmen-
tation, the operative metric is pixel AP, where the
real winner is AnomalyDINO (40.2); among the meth-
ods that segment well, AnomalyDINO is also the most
defect-concentrated (mean 1.64), responding to the de-
fect rather than the pedicel/calyx. WinCLIP sits at
~ 1.0—it responds almost uniformly over the fruit,
which is exactly why it detects well at the image level
yet localises poorly (pixel AP 21.0). This is the sta-
tistical counterpart of Fig. 6, where on a normal fruit
AnomalyDINO stays dark on the pedicel while Dino-



Table 5. Defect-concentration ratio (median over defect im-
ages of mean anomaly inside the GT defect + over the fruit
ROI). A high ratio does not mean good segmentation. Ef-
ficientAD and STFPM have the highest ratio only because
their maps are peaky—a tiny hotspot divided by a near-zero
background—yet their pixel-AP is low (EfficientAD = 16,
Tab. 3), so they segment poorly. The actual segmentation
winner is AnomalyDINO (pixel-AP 40.2, Tab. 3): among
the methods that segment well it is also the most defect-
concentrated (1.64), responding to the defect rather than
the pedicel/calyx (Fig. 6). WinCLIP is ~ 1 (near-uniform
response). No row is bolded as a “winner”: the ratio ranks
peakiness, not segmentation quality.

Method Apple Lemon Orange Tomato Mean
EfficientAD 490 1.35 10.98 0.26 4.37
STFPM 1.68  1.22 4.01 1.98 2.22
AnomalyDINO  1.51  1.27 1.89 1.90 1.64
RD4AD 1.37  1.19 1.60 1.64 1.45
PaDiM 143 1.13 1.74 1.45 1.44
SuperSimpleNet 1.36  1.07 1.25 1.64 1.33
MuSc 1.29 1.14 1.33 1.37 1.28
PatchCore 1.19 1.06 1.31 1.31 1.22
CFLOW 1.11  1.06 1.06 1.18 1.10
WinCLIP 1.02  1.02 1.03 1.03 1.03
DRAEM 1.00 1.00 1.05 1.00 1.01
Dinomaly 1.24 1.16 1.63 1.64 1.42

Table 6. Multi-class (unified) regime: one model for all
four fruits (IFAUROC %). Memory /reconstruction models
that support a shared bank. This is the setting our ongoing
unified model targets.

Method apple lemon orange

tomato mean

Dinomaly 90.8 97.8 93.1 64.7 86.6
AnomalyDINO  91.3 91.6 96.0 69.1 87.0

Table 7. Per-fruit (upper bound) vs. unified (fruit-agnostic)
mean image AUROC (%); A = unified — per-fruit. Smaller
drop = transfers better to the fruit-agnostic setting.

Method Per-fruit  Unified A

RD4AD 71.5 70.3 -1.2
EfficientAD 62.1 57.7 -4.5
AnomalyDINO 83.9 84.8 +0.9

maly and especially HyperCore light it up.
4.2. Unified (one model, all fruits)

Table 6 is the pivotal comparison: a single model ap-
plied to any fruit with no fruit label. Building the
unified AnomalyDINO requires only pooling all fruits’
normal patches into one memory—no retraining—and
it reaches 84.8 mean image AUROC, on par with

Per-fruit - unified transfer
(class-agnostic for free)

90 A
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S
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o
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8 gg- 021 \
=

* 37
55 A i
50
Per-fruit Unified
(upper bound) (fruit-agnostic)
Training-free memory: pool all fruits' normal patches into
one memory — no fruit label, no retraining. Trained models
must be re-optimised for the joint distribution.
Figure 4. Per-fruit—unified transfer: the training-free

memory is class-agnostic for free (+0.9), while trained base-
lines degrade (RD4AD —1.2, EfficientAD —4.5).

its own per-fruit reference (83.9; A=+0.9, Table 7,
Fig. 4); orange and apple even improve from the larger
pooled normal set (88.9—92.2 and 95.4—95.2). For
a foundation-feature memory, dropping the fruit label
costs essentially nothing—the property a multi-fruit
grader most needs. The first completed trained base-
line in this regime, a unified RD4AD, reaches only 70.3
mean AUROC, well below the training-free memorys;

the remaining trained baselines are still in progress and
will be added.

5. Why Foundation-Feature AD is the Right
Base

Most accurate at zero training cost. Among the meth-
ods evaluated on all four fruits, AnomalyDINO is
the best (or tied-best) detector and the best at de-
fect segmentation (best mean pixel AP, P-AUROC
and Fl-max; the unified Dinomaly leads the region-
overlap AUPRO metrics), while requiring no gradient
training—only a forward pass to build a normal mem-
ory (Table 8). Reconstruction (Dinomaly) and the
other trained baselines need hours of optimisation per
class for no mean-accuracy gain over this simple mem-
ory; where a trained model wins a single fruit (e.g. the
unified Dinomaly on tomato and lemon region-overlap,
AUPRO30) it does so only on that fruit, not across the
benchmark.

Class-agnostic for free. In the unified regime, pool-
ing all fruits’ normal patches into one memory needs



Table 8. Efficiency (single-class; representative per model).
*AnomalyDINO/MuSc are training-free (no gradient fit).
Inference throughput at batch 1, post-warmup.

Method params (M) img/s peak GPU (GB)
PaDiM 2.8 12.0 0.4
PatchCore 24.9 8.0 1.2
RD4AD 89.0 18.9 0.8
DRAEM 97.4 13.2 1.7
SimpleNet™* 33.7 18.3 2.1
EfficientAD 8.1 20.2 1.1
MuSc - 0.2 9.1
AnomalyDINO 22.1 7.8 17.6
Dinomaly 148.0 184 1.4

no fruit label and no retraining, and AnomalyDINO
loses essentially nothing (A=+0.9, Table 7). A multi-
fruit grader can therefore run one model on any incom-
ing fruit—exactly the deployment setting—whereas
trained baselines must be re-optimised for the joint dis-
tribution.

Better at suppressing the pedicel/calyx (but not ro-
bust to it). A reconstruction model under-fits rare-but-
normal structure such as the stem and calyx, so it tends
to flag healthy stem-bearing fruit as defective; Anoma-
lyDINO does so less. On tomato—the calyx-heavy
fruit—Dinomaly’s image AUROC (66.6) trails Anoma-
lyDINO’s (69.5) despite Dinomaly’s strong tomato
region-overlap score (AUPRO3q 79.0), consistent with
the decoder responding to the healthy calyx rather
than only to defects (Fig. 6). The mechanism is
intuitive: a normal stem patch finds many nearby
normal stem patches in the memory and scores low,
whereas a decoder trained on the dominant smooth
surface cannot reconstruct the rare stem. The defect-
concentration ratio of Table 5 makes this precise and
model-wise: the peaky distillation maps (EfficientAD
4.4, STFPM 2.2) inflate the ratio yet segment poorly,
so among the methods that segment well Anomaly-
DINO is the most defect-concentrated (mean 1.64,
scoring the defect well above the rest of the fruit with
the pedicel included), the reconstruction and mem-
ory models trail, and WinCLIP sits at ~ 1.0—only
the training-free memory both segments well and par-
tially separates the defect from the pedicel/calyx. This
separation is not uniform across fruits: on apple and
orange AnomalyDINO leaves the pedicel essentially
clean, whereas on tomato and lemon it still fires on
the calyx/tip, just less than the other models. A grad-
ing line, which sees many stem-bearing fruit, benefits
from this partial suppression, and the residual response
is what the next subsection analyses.

When it does fire on the pedicel: a coverage limit.

AnomalyDINO is relatively the most pedicel-robust,
but not absolutely so, and the residual errors explain
its two weakest fruits. Because it scores a patch
by distance to the nearest normal patch, rare nor-
mal structure—absent from the bank—is flagged: it
is sensitive to unusual shape, not only texture. (i)
Lemon. Lemons whose only annotation was the (re-
moved) pedicel become “normal” yet carry a promi-
nent, often oddly-shaped tip; AnomalyDINO scores
these 0.21 on average—as high as the median defect
(0.22) and 1.5x the genuinely normal lemons (0.14).
Excluding these pedicel-only normals lifts lemon im-
age AUROC from 81.3 to 90.5 (+9.3; here 81.3 is the
defect-only-subset baseline, not the 82.0 full-set value
of Table 2), so most of lemon’s apparent weakness is a
handful of unusual tips, not real defects. (ii) Tomato.
AnomalyDINO handles most normal tomatoes—80%
score below the median defect, and a fresh green ca-
lyx is scored low—and fires mainly on the minority
whose calyx is dark or atypical, i.e. the issue is calyx
appearance, not mere visibility. But tomato defects are
themselves low-contrast, so even this minority overlaps
them: the single highest anomaly patch lands inside
the GT defect on only 16% of defect images, so the
top-k score is often captured by the calyx and detec-
tion caps at 69.5. The common normal appearance is
well covered even with a small bank—genuine normals
score low on every fruit (median 0.14-0.19, including
orange with only 30 training images)—so the gap is
coverage of rare structure, not bank size, the head-
room future work should target; the per-fruit—unified
gap is already negligible.

A learned unified model. Beyond the training-free
baselines, we trained a unified model, HyperCore, di-
rectly for the multi-fruit setting. It is a prototype-
memory network over frozen DINOv2 features that
learns a compact set of shared and per-fruit normal
prototypes (a hypergraph-style prototype memory),
trained jointly on all four fruits’ normal images; a test
patch is scored by its distance to the learned proto-
types, a learned analogue of the training-free nearest-
neighbour memory. On the benchmark it reaches 59.7
mean image AUROC when the fruit label is provided
and 48.1 when it is not, well below the training-free
AnomalyDINO (84.8), and its pixel localisation is also
weak (pixellAUROC = 0.57). Two factors account for
this: the learned prototypes do not generalise across
the heterogeneous fruit surfaces as well as the frozen
DINOv2 patch features, and the model relies on the
fruit label at inference, so it does not extend to unseen
fruits—exactly the capability a unified detector needs.
The contrast is visible in the anomaly maps (Fig. 6, last
column): HyperCore’s map is diffuse and fires broadly



over the fruit—including the healthy pedicel/calyx—
whereas AnomalyDINO concentrates on the defect,
consistent with its much higher AUROC. This moti-
vates the future direction below: a unified model that
also handles new fruits.

6. Discussion and Future Work

Where the unified detector still falls short. The best
unified model (AnomalyDINO) is strong but bounded
by two produce-specific difficulties (Fig. 7): hard-fruit
detection (tomato image AUROC tops out at 69.5, as
ripe red skin, specular shine, and the green calyx make
defects low-contrast and top-k aggregation cannot
cleanly separate classes) and small-defect localisation
(apple pixel AP is only 20.8, as tiny bruises and specu-
lar spots give weak, diffuse responses). These—not the
per-fruit—unified gap, already negligible (A=+40.9)—
are the real headroom.

Directions. The goal is a single unified model that finds
new fruits and new defects well—one detector an op-
erator can point at any incoming produce, including
fruits it was never built for, and trust to localise what-
ever defect appears. Three steps lead there. (1) Stop
flagging the pedicel/calyx on tomato and lemon. On
those two fruits the detector still fires on the oddly-
shaped lemon tip (worth +9.3 AUROC if excluded) and
the high-variance tomato calyx, which dominate their
top-k image scores. Enriching the normal bank with
pedicel/tip/calyx variation, or a part-aware normality
that down-weights recurrent normal structure without
desensitising the detector near it, directly targets the
two weakest fruits. (2) A unified model that also gen-
eralises to new, unseen fruits. Our model already han-
dles the four benchmark fruits at no accuracy cost; the
next step is a single detector that stays accurate on
these and transfers to fruits it has no normal bank for,
so adding a fruit needs no new model. (3) Produc-
ing segmentation masks from the anomaly maps. Our
evaluation scores the continuous anomaly map, but a
deployable grader needs a binary defect mask. A single
validation-fit threshold maximising pixel-F1, with ROI
masking and connected-component filtering, is a sta-
ble binariser, whereas per-image adaptive thresholding
(e.g. Otsu) hallucinates defects on healthy fruit. The
real ceiling is boundary fidelity: because defects are
small, sparse, texture-level deviations rather than ob-
jects, the bilinearly upsampled patch-level map cannot
trace sharp contours, capping IoU. Two normal-only-
respecting fixes are promising—a lightweight segmen-
tation head trained on synthetic anomalies over the
frozen features, and prompting a segmentation founda-
tion model (SAM2/SAM3) with anomaly-map-derived
prompts in the spirit of SAA+[7]—evaluated with a

low-FPR-tolerant metric (e.g. AUPIMO).

7. Conclusion

We reframed multi-fruit surface inspection as normal-
only anomaly detection and built a four-fruit RGB
benchmark with unified defect masks. Comparing the
canonical AD families per-fruit and unified, the clear
winner is a training-free nearest-neighbour memory
of frozen DINOv2 features (AnomalyDINO): it is the
most accurate detector, the best at defect segmenta-
tion (best mean pixel AP, 40.2), fires on the natu-
ral stem/calyx less than reconstruction does, and—
uniquely—keeps its accuracy when pooled into one
fruit-agnostic model at no training cost. Our own
learned unified model did not beat it. The pedi-
cel/calyx it still flags on tomato and lemon, a unified
detector that also generalises to unseen fruits, and seg-
mentation masks recovered from the anomaly maps
(Sec. 6) remain the open problems for a multi-fruit
grader.
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input + GT AnomalyDINO Dinomaly WinCLIP

Figure 5. Per-model anomaly maps in the unified (one model, all fruits) regime, three examples per fruit: a clear defect, a
subtle small defect, and a normal fruit with a prominent pedicel/calyx (the false-positive stress test). Columns: input; input
with the ground-truth defect mask (red); then each method’s anomaly map. AnomalyDINO, PaDiM and Dinomaly are
shown from their single fruit-agnostic unified model; WinCLIP and MuSc are zero-shot/transductive and need no training.
Every map uses the same fruit-ROI mask and a per-(model,fruit) global robust colour scale (cool = low, red = high). On
the clear-defect rows several baselines also localise the defect (some tie or beat AnomalyDINO on the easy orange/tomato
defects); the distinctive behaviour is on the normal rows, where AnomalyDINO stays comparatively quiet on healthy surface
and on the pedicel/calyx, whereas the memory/CNN, reconstruction and transductive baselines spread response over the
whole fruit, including normal structure.
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Figure 6. Pedicel/calyx response across all four fruits, comparing the training-free memory (AnomalyDINO) against a
reconstruction model (Dinomaly) and our learned prototype model (HyperCore). For each fruit: a normal fruit with
a prominent pedicel/stem (top) and a defect fruit (bottom). Columns: input; input+GT; AnomalyDINO; Dinomaly;
HyperCore (same ROI; per-(modelfruit) global colour scale). On the normal rows AnomalyDINO stays dark on the
apple/orange pedicel and on a typical lemon tip and tomato calyx while Dinomaly and especially HyperCore light them up;
on tomato and lemon, however, an atypical/oddly-shaped calyx or tip is one AnomalyDINO does also respond to (consistent
with the analysis in Sec. 5). On the defect rows AnomalyDINO concentrates on the defect. The learned/reconstruction
models flag the pedicel as anomalous and the training-free memory fires on it less—this partial suppression, and HyperCore’s
diffuse over-response, mirror their detection accuracy.



AnomalyDINO: honest limitations on the two weakest fruits
frozen DINOvZ2 patch-NN memory, ROI-restricted
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Figure 7. Failure modes: lemon rare-tip false positives (excluding pedicel-only normals lifts AUROC +9.3) and the tomato
low-contrast calyx ceiling.
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