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Abstract

Reliable joint detection of mango fruits and stems is an essential upstream perception
task for robotic harvesting, but remains challenging because stems are small, slender,
frequently occluded, and visually degraded by illumination variation. This study proposes
MangoNET, a YOLOv1lln-based framework for joint mango fruit and stem detection in
complex orchard environments. A P2 high-resolution detection head preserves fine spatial
information for small targets, while SPPF-ELAN aggregates local and contextual features for
partially visible objects. SENet recalibrates channel responses under illumination variation,
and WIoU v3 regulates bounding-box samples with different localization qualities. A
dataset containing 1782 original images of Tainong and Jinhuang mangoes was collected
from two orchards and data augmentation was applied only to the training set, increasing
its size from 1172 to 2886 images through rotation, contrast adjustment, and Gaussian noise
addition. MangoNET achieved fruit and stem F1-scores of 0.920 and 0.916, respectively,
with mAP50 and mAP50-95 values of 0.941 and 0.690. Compared with YOLOv11n, mAP50
and mAP50-95 increased by 1.6 and 2.9 percentage points, respectively, while stem recall
increased from 0.877 to 0.906. Source-image-independent five-fold cross-validation yielded
mean mAP50 and mAP50-95 values of 0.944 and 0.711, respectively. Pilot evaluations
using images acquired by a UAV and an RGB-D camera in a geographically distinct
orchard suggested that MangoNET could maintain detection performance in a different
orchard environment. MangoNET supplies fruit and stem candidate regions for subsequent
association, harvesting-point localization, and robotic manipulation.

Keywords: mango; stem detection; small-object detection; YOLOv11; agricultural robotics

1. Introduction

Mango is one of the most widely cultivated and consumed tropical fruits because
of its distinctive flavor, aroma, and nutritional value [1]. China is one of the world’s
major mango-producing countries, with a reported planting area of 5.619 million mu in
2021 [2]. In natural orchards, however, mango fruits are distributed irregularly within dense
canopies and are frequently obscured by leaves, branches, or neighboring fruits [3]. Their
visual appearance is also strongly affected by backlighting, low illumination, and locally
overexposed backgrounds. These conditions are particularly challenging for mango stems,
which are slender, visually inconspicuous, and often only partially visible. Machine vision
provides rich environmental information at relatively low hardware cost and has therefore
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become an important perception technology for automated agricultural operations [4].
For robotic mango harvesting, reliable joint detection of fruits and stems is an essential
upstream task because it provides candidate regions for subsequent fruit-stem association,
harvesting-point localization, three-dimensional positioning, and manipulator planning.

Deep-learning-based object detectors have substantially advanced fruit perception
in complex agricultural environments. An improved YOLOv3 model combined with
binocular stereo vision was developed for pineapple detection and three-dimensional
localization under natural conditions [5]. A lightweight YOLOv4-tiny-based method was
subsequently introduced for detecting Camellia oleifera fruits [6]. More recent studies
have improved YOLOVS for immature yellow-peach detection [7] and YOLOvV4 for cherry
detection in complex orchard scenes [8]. Beyond conventional fruit localization, a multitask
YOLOVv?7-based network was developed to simultaneously perform cherry-tomato local-
ization, ripeness grading, and cluster maturity assessment [9]. Other improvements have
focused on blueberry detection using YOLOVS [10], robust detection of Camellia oleifera
fruits using YOLOV5s [11], lightweight pitaya detection under daytime and nighttime
supplementary illumination [12], recognition of small and overlapping strawberry flowers
and fruits [13], and real-time pineapple detection using YOLOvV7-tiny [14]. Collectively,
these studies demonstrate that architectural refinement, multiscale feature fusion, attention
mechanisms, and lightweight design can improve fruit detection under complex field
conditions. Nevertheless, most of these methods primarily focus on the fruit itself, whereas
robotic harvesting of clustered or stem-connected fruits also requires reliable perception of
harvesting-related structures.

Accordingly, increasing attention has been directed toward the joint perception of
fruits, stems, and harvesting points. A lightweight YOLO-GP model was developed for
grape and harvesting-point detection, achieving a harvesting-point localization error of
less than 40 pixels [15]. A two-stage framework combining YOLOv3 and U-Net was
used for lychee detection and stem segmentation under nighttime conditions [16]. For
tomato harvesting, YOLOv5 was integrated with image-processing procedures to localize
harvesting positions under multiple illumination conditions [17]. A lychee perception
framework further combined fruit and stem detection, semantic stem segmentation, and
skeleton extraction to determine harvesting points [18]. To better represent the elongated
geometry of grape stems, oriented bounding boxes were incorporated into a YOLO11-
based detector for harvesting-point localization and pose estimation [19]. Lightweight joint
detection of banana clusters and stems was also achieved using an improved YOLOv4
framework [20], while a YOLOv8-pose-based method directly detected strawberries and
their picking keypoints [21]. These studies employ different visual representations accord-
ing to downstream requirements. Segmentation, oriented bounding boxes, skeletons, and
keypoints can provide detailed geometric information for cutting-point or pose estimation,
whereas horizontal bounding-box detection offers a relatively direct means of generating
fruit and stem candidate regions. The present study focuses on this upstream candidate-
detection stage rather than replacing subsequent fruit-stem association, stem segmentation,
or harvesting-point localization.

Mango-specific perception methods have also progressed from fruit-only detection
toward joint fruit-stem analysis. A multitask network based on YOLOv5s was devel-
oped to simultaneously detect mango fruits and stems, segment stem regions, and extract
stem skeletons for harvesting-point localization [22]. Another framework combined an
improved YOLOVS detector with an instance-segmentation model and skeleton extraction
to obtain mango harvesting points [23]. An improved YOLOv8-based joint detector was
further deployed on an NVIDIA Jetson Orin Nano edge device, demonstrating the feasi-
bility of lightweight mango fruit and stem detection [2]. These studies provide important
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foundations for mango-harvesting perception. However, the reliable generation of fruit
and stem candidate regions remains difficult when small stem size, partial occlusion, and
illumination-induced feature degradation occur simultaneously. In particular, repeated
downsampling may weaken the spatial information of slender stems, occlusion may re-
move critical local features, and uneven illumination may disturb the relative responses of
feature channels. These coupled factors can result in missed stem detections, redundant
bounding boxes, and confusion between stems, leaves, and branches. Therefore, a problem-
oriented joint detector is required to improve the representation and localization of difficult
mango fruit and stem targets under natural orchard conditions.

To address these challenges, this study develops MangoNET, a joint mango fruit and
stem detection framework based on YOLOv11n. The main contributions are summarized
as follows.

(1) Ajoint detection task is formulated for mango fruits and stems under natural orchard
conditions, with particular attention to the coupled effects of small stem size, partial
occlusion, and illumination variation. The resulting bounding boxes are intended to
provide candidate regions for subsequent fruit-stem association and harvesting-point
localization rather than directly representing complete stem geometry.

(2) MangoNET introduces a problem-oriented combination of network modifications. A
P2 detection head preserves high-resolution spatial information for small stems and
distant fruits, while an SPPF-ELAN module aggregates local and contextual features
to improve the representation of partially visible targets. Channel recalibration is
incorporated to alleviate feature-response imbalance under varying illumination, and
WIoU v3 is employed to reduce the adverse influence of low-quality bounding-box
samples during model optimization.

(3) A dedicated dataset containing two mango cultivars and diverse orchard conditions
is constructed, and the proposed framework is evaluated through attention-module
comparison, component ablation, five-fold cross-validation, comparison with repre-
sentative object detectors, and pilot cross-site field experiments using image streams
acquired by an unmanned aerial vehicle and an RGB-D camera. These evaluations
examine the detection accuracy, stability, and application potential of MangoNET as
an upstream perception component for robotic mango harvesting.

2. Materials and Methods

MangoNET was developed for joint detection of mango fruits and stems under natural
orchard conditions. Figure 1 provides a system-level overview of the proposed framework
and the pilot field-evaluation setup. The upper panel illustrates the input challenges, joint
detection process, and detection outputs, whereas the lower panel presents the equipment
configuration and data flow used in the field experiments.

2.1. Data Acquisition and Annotation

To evaluate joint mango fruit and stem detection under natural orchard conditions,
an image dataset containing Tainong and Jinhuang mango cultivars was constructed.
Images of Tainong mangoes were collected on 7 December 2024, in an orchard located in
Zhongyang Village, Jiyang District, Sanya, Hainan Province, China (109°55" E, 18°34' N).
Images of Jinhuang mangoes were collected on 8 December 2024, at Fuhua Farm in Tianya
District, Sanya, Hainan Province, China (109°37' E, 18°37' N). The acquisition sites, cultivars,
devices, image resolutions, and image quantities are summarized in Table 1.
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Figure 1. Overview of the proposed MangoNET framework and pilot field-evaluation setup: (a) joint
mango fruit and stem detection framework; (b) equipment configuration and data flow.

Table 1. Details of mango image acquisition.

Image Collection 1 Image Collection 2
Collection site Zhongyang Vilsla;;gl;,a Jiyang District, Fuhua Farm si:n"l;,iaanya District,
Mango cultivar Tainong Jinhuang
Acquisition date 7 December 2024 8 December 2024
Weather Sunny Sunny
Acquisition devices Xiaomi 14 and Redmi K40 Pro Xiaomi 14 and Redmi K40 Pro
Image resolutions 3072 x 4096, 2464 x 3280, 4624 x 3472 3072 x 4096, 2464 x 3280, 4624 x 3472
Number of images
corresponding to the above 644,101, 146 528, 87,276

resolutions

Image acquisition was conducted between 08:00 and 17:30 on each collection day
using Xiaomi 14 and Redmi K40 Pro smartphones (manufactured by Xiaomi Corporation,
Beijing, China). Images were captured from top, frontal, and upward-facing viewpoints to
cover the variable target appearances encountered during orchard observation and robotic
harvesting. The collected scenes included normally illuminated, backlit, and low-light
conditions, together with fruit-fruit overlap, leaf occlusion, stem occlusion, and branch
interference. A total of 1782 original mango images were collected.

The images were manually annotated using Labellmg with two object categories:
mango fruit and mango stem. Each fruit and stem instance was independently enclosed
using a horizontal bounding box. For a physically connected fruit-stem pair, the two
bounding boxes could naturally overlap near the attachment region. However, such spatial
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overlap was not treated as an explicit one-to-one association label, and the present detector
does not directly infer which stem belongs to a specific fruit in densely clustered scenes.

According to the number and spatial distribution of visible fruits, the collected images
were further described as single-fruit or multi-fruit scenes. Single-fruit scenes contained one
visible mango, whereas multi-fruit scenes contained clustered fruits or fruits distributed
across multiple image regions. Both groups included representative illumination and
occlusion conditions, as shown in Figure 2. Figure 3 further illustrates the fruit-bearing
characteristics of mango trees and the principal visual challenges arising from dense foliage,
overlapping fruits, slender stems, and branch interference.

Backlit Lack of light Fruit occlusion Stem occlusion Branch interference

Figure 2. Representative mango fruit and stem scenes under natural orchard conditions.

Stem
occlusion

Branch
interference @3

Fruit
occlusion

Fruit overlap
—

Figure 3. Schematic summary of the principal visual challenges in mango fruit and stem detection.

2.2. Data Augmentation and Dataset Partitioning

To increase the appearance diversity of mango fruits and stems under natural orchard
conditions, the 1782 original images were first divided into training, validation, and test
sets at a ratio of approximately 6.5:1.5:2. The exact composition of the training, validation,
and test sets in terms of original images, cultivars, and orchard sources is provided in
Table 2, while the corresponding acquisition conditions are detailed in Section 2.1 and
Table 1. Data augmentation was then applied only to the training set using the OpenCV
toolkit. The augmentation operations included image rotation, contrast adjustment, and
Gaussian-noise addition. The bounding-box coordinates were transformed consistently
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with the corresponding augmented images. After augmentation, the training set was
expanded from 1172 to 2886 images, whereas the validation and test sets were retained as
the original unaugmented images. Unless otherwise specified, all subsequent experiments
were conducted using this predefined dataset partition. A separate robustness experiment
involving motion blur was further conducted, as described in Section 3.7.

Table 2. Composition of original images in each dataset split by mango cultivar and orchard.

. . Tainong Jinhuang
Dataset Original Images (Zhongyang Village) (Fuhua Farm)
Training set 1172 596 576
Validation set 245 126 119
Test set 365 169 196
Total 1782 891 891

2.3. Baseline YOLOv11n Network

YOLOV11 is a one-stage object detector that performs feature extraction, multi-scale
feature fusion, and bounding-box prediction within a unified architecture [24]. Its com-
pact variants provide a favorable balance between detection accuracy and computational
complexity. YOLOv11ln was therefore selected as the baseline model in this study.

The baseline network extracts hierarchical features through its backbone and transfers
the P3, P4, and P5 feature maps to the neck for bidirectional multi-scale fusion. The
resulting feature maps are then delivered to three detection heads corresponding to different
target scales. This architecture is effective for general object detection but presents several
limitations for joint mango fruit and stem detection.

First, mango stems generally occupy smaller and narrower image regions than fruits.
Their spatial details may therefore be weakened after repeated downsampling, particularly
when stems are distant or partially visible. Second, when a target is occluded by leaves,
branches, or neighboring fruits, local target information becomes incomplete, increasing
the importance of contextual information. Third, backlighting and low illumination may
alter feature responses and reduce the distinction between stems and the surrounding
canopy. Finally, ambiguous target boundaries under these conditions can produce low-
quality bounding-box samples during training. MangoNET was developed to alleviate
these limitations through problem-oriented modifications to the YOLOv11n architecture.

2.4. Problem-Oriented Improvements to YOLOv11n

The detailed network architecture of the joint detector shown in the upper panel of
Figure 1 is presented in Figure 4. Compared with the baseline YOLOv11n, MangoNET
introduces four problem-oriented modifications while retaining the backbone-neck-head
organization and one-stage detection paradigm:

(1) A channel-recalibration module was incorporated into the backbone to adaptively
adjust channel responses under illumination-varying orchard scenes.

(2) An SPPF-ELAN module was introduced to strengthen multi-scale contextual aggrega-
tion for partially occluded fruits and stems.

(3) The original CloU bounding-box regression loss was replaced with WIoU v3 to regu-
late the contribution of bounding-box samples with different localization qualities.

(4) A P2 detection head was added to preserve high-resolution spatial information for
small stems and distant fruits.
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Figure 4. Detailed architecture of the joint mango fruit and stem detector shown in Figure 1.

These components address complementary difficulties rather than representing inde-
pendent detection tasks. In particular, the channel-recalibration and SPPF-ELAN modules
do not explicitly estimate illumination levels or occlusion ratios. Instead, they improve fea-
ture representation under conditions in which illumination variation and partial occlusion
degrade the original feature responses.

2.4.1. Channel-Recalibration Module for Illumination-Varying Scenes

INlumination variation can substantially change the magnitude and distribution of
feature responses extracted from orchard images. Under backlighting, strong background
responses may weaken the relative prominence of fruit and stem features. Under low-
light conditions, the responses associated with slender stem boundaries may become less
distinguishable from the surrounding canopy. The baseline YOLOv11n network does not
explicitly recalibrate the relative importance of individual feature channels according to
the input scene.

To alleviate this limitation, an SENet module [25] was incorporated into the back-
bone as a channel-recalibration component. The module does not directly estimate scene
illumination or perform image-level exposure correction. Instead, it learns channel-wise
weights from global feature statistics and uses these weights to strengthen informative
responses while suppressing less useful ones. Its structure is shown in Figure 5 and consists
of squeeze, excitation, and scaling operations. The SENet module was inserted after the
final C3k2 block of the backbone and before the SPPF-ELAN module.
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Figure 5. Structure of the SENet-based channel-recalibration module.

In the squeeze stage, an input feature map (X € R"*H*C) is compressed along its
spatial dimensions using global average pooling. Each channel is represented by a scalar
descriptor that summarizes its overall activation:

1
HxW!

1

M=
1=

Ze = FSqueeze<Xc) = XC(i/j) ey

I
—
—.
I
—

where X = [X1, X3, ..., X.] € RV*H*C denotes the input feature map; W, H, and C are
its width, height, and number of channels, respectively; X. € RW*H ig the c-th channel;
X.(i, j) denotes the activation at spatial position (i, j) of the c-th channel; and z. is the
global descriptor obtained for that channel. Collecting the descriptors of all channels gives
Z=|z1,22,...,2c] € RC.

In the excitation stage, nonlinear dependencies among channels are learned using two
fully connected layers. The first layer reduces the descriptor dimension to C/16, followed
by a rectified linear unit activation. The second layer restores the dimension to C, and a
sigmoid activation maps the resulting channel weights to the range from 0 to 1:

S= FExcitation(Zl W) = 0(W25(le)) (2)

where Z is the channel descriptor obtained from the squeeze operation; S = [s1, 52, .. .,
sc]T is the learned channel-weight vector; Wi € RY*C and W, € RE*C/ are the learnable
weight matrices of the dimensionality-reduction and dimensionality-restoration layers,
respectively; r is the channel-reduction ratio and was set to 16 in this study; and 4(-) and o(-)
denote the ReLU and sigmoid activation functions, respectively. Each element s € (0, 1)
represents the learned importance of the corresponding feature channel.
In the scaling stage, the learned channel weights are multiplied by the original fea-
ture maps:
X¢ = Focale(Xc,8¢) = s¢ - Xe ®3)

where X7 denotes the recalibrated output of the c-th channel, X is the corresponding input
channel, and s, is its learned scalar weight. The multiplication between s. and X, is applied
to all spatial positions of the channel. The complete output feature map is denoted by
X =X}, %5, ..., Xt

The module therefore performs feature-level channel recalibration rather than explicit
exposure compensation. Its expected role is to reduce illumination-induced imbalance
among feature channels and preserve discriminative responses under backlit and low-
light conditions. The practical effectiveness of the module is experimentally evaluated in
Sections 3.2, 3.3 and 3.5.
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2.4.2. Multi-Scale Context Aggregation for Partially Occluded Targets

Partial occlusion removes portions of the visible appearance of mango fruits and stems.
Under such conditions, detection cannot rely exclusively on fine local textures and must
also exploit larger contextual regions, such as the visible contour of a fruit, the spatial
proximity between a stem and a fruit, and the surrounding fruit-bearing structure.

Spatial pyramid pooling aggregates contextual information over different effective
receptive fields. The SPPF module simplifies the original SPP architecture [26] by using
cascaded pooling operations to reduce computational redundancy. However, its sequential
structure provides a relatively restricted feature-propagation pattern. The ELAN archi-
tecture [27], in contrast, employs parallel feature paths and hierarchical aggregation to
improve gradient propagation and reuse intermediate features.

Based on these complementary characteristics, an SPPF-ELAN module was con-
structed to replace the original SPPF component in the backbone. As shown in Figure 6,
the module combines parallel feature paths with cascaded spatial pooling. It is intended
to enrich the representation of partially visible targets by integrating fine-scale local de-
tails with broader contextual information. The module does not explicitly determine
whether a target is occluded or calculate an occlusion ratio. As illustrated in Figure 6a,
the proposed SPPF-ELAN module consists of multiple cascaded SPPF blocks followed by
an ELAN-style feature aggregation stage. The internal computation of each SPPF block,
shown in Figure 6b, progressively enlarges the effective receptive field through successive
max-pooling operations while preserving local feature information. The resulting hier-
archical features, together with the output of the initial CBS layer, are then aggregated
via channel-wise concatenation and fused by the final CBS layer to strengthen multi-scale
feature representation. Accordingly, the overall feature extraction and aggregation process

can be formulated as follows:
i 1—
X\ = p, (x") @

where XZ(O) denotes the feature map obtained after the input CBS layer of the i-th SPPF
block, before any pooling operation, Xl(l) (I=1,..., L) denotes the feature map obtained after
the 1-th max-pooling operation within the i-th SPPF block, Py; (-) denotes a max-pooling
operation with kernel size k;, stride 1, and appropriate padding, and L is the number of
successive max-pooling operations. In this work, L = 3.

Input feature map Output feature map

F € Rwxe

(@)
Fo € RDWXE/4 | g Riwxe/4 F, € RPwxe/4 F € Rwxe/4

CBS mP MP | RF,= MP [RFs=
RFy=K RFy+A RF+A

F € Rxwxe/2 |

MP  Maxpool

i
i
1
! b
= | © ‘
\ i
1 K Kemelsize -
' ' F' € Rhxwxe/2
U AK K '
\_ RF, The n-th receptive field H F, € Rbxwxe

(b)

Figure 6. Structure of the multi-scale context aggregation module: (a) SPPF-ELAN module and
(b) internal SPPF unit.

Y = fix1 (Concat (XZ(O),XSD,. . .,XEL)>) (5)
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where Concat (-) denotes channel-wise concatenation, f1x1 (-) representsa 1 x 1 convolution
for channel fusion and channel reduction, and Y¥; denotes the output feature map of the i-th
SPPF block.

Z = ffusion (Concat(FO, er ey YN)) (6)

where Fj denotes the output feature map of the initial CBS layer, Y; denotes the output
feature map of the i-th cascaded SPPF block, N is the total number of cascaded SPPF blocks,
ftusion () represents the final CBS layer for feature fusion, and Z is the output feature map
of the proposed SPPF-ELAN module. In this work, N =3, with k1 =3,k, =5,and k3 = 7.

The resulting representation contains both local and contextual information. When
part of a fruit or stem is visually unavailable, the remaining visible features can be inter-
preted together with the surrounding scene context. The module is therefore expected to
alleviate feature degradation caused by partial occlusion, although it does not reconstruct
invisible target regions or explicitly model a fruit-stem association.

In Figure 6, CBS denotes a convolution-batch-normalization-SiLU block; MP denotes
max pooling; K, s, and p denote the kernel size, stride, and padding, respectively; RF,
denotes the effective receptive field after the n-th pooling operation; and /1, w, and ¢ denote
the height, width, and channel number of the feature map. AK denotes the receptive-field
increment introduced by one pooling operation.

2.4.3. Wise-IoU

The baseline YOLOv11n model employs Complete Intersection over Union loss, de-
noted as CloU, for bounding-box regression [28]. CloU jointly considers the overlap
between the predicted and ground-truth boxes, the distance between their center points,
and their aspect-ratio consistency. Its calculation is given in Equations (7)—(9):

2 gt
Loy = 1— IoU + % + v @)
v
“= (1—TIolU) + 0 ®
4 w8t w\?
v = p= (arc’canMgt - arctanh) 9)

where b = (x, y) and b8® = (x8!, 8!) denote the center coordinates of the predicted and ground-
truth bounding boxes, respectively; p(b, b8') denotes the Euclidean distance between their
center points; c is the diagonal length of the smallest enclosing rectangle covering both
boxes; IoU denotes the intersection-over-union between the predicted and ground-truth
boxes; v measures their aspect-ratio inconsistency; and « is an adaptive weighting coefficient
for the aspect-ratio term. The variables w and /1 denote the width and height of the predicted
box, whereas w8' and 18! denote those of the ground-truth box.

CloU provides a comprehensive geometric constraint for bounding-box regression.
However, it does not explicitly allocate gradients according to the dynamic quality dis-
tribution of training samples. In the present task, partial occlusion, weak illumination,
small stem size, and long imaging distance can generate samples with ambiguous visual
boundaries and relatively low localization quality. Excessive optimization pressure from
extremely low-quality samples may disturb the learning of ordinary, informative sam-
ples, whereas an excessive focus on already well-localized boxes may provide limited
additional benefit.

To regulate the influence of samples with different localization qualities, WIoU [29]
was adopted in place of CloU. WIoU contains three versions, and WloU v3 was used in this

https://doi.org/10.3390/agriculture16171888


https://doi.org/10.3390/agriculture16171888

Agriculture 2026, 16, 1888

11 of 29

study. WloU v1 introduces a distance-based attention term into the IoU loss, as expressed
in Equations (10)—(12).

Lwiouvi = RwiouLiou (10)
(x — xgt)* + (y — ygt)”
Rwiou = exp( TR (11)
I/Vg + I—Ig
Ligu = 1 — IolU (12)

where Lyouy1 denotes the WIoU v1 regression loss; Loy is the basic IoU loss; and Ryou
is the distance-attention term. The coordinates (x, y) and (xgt, ygt) denote the center
coordinates of the predicted and ground-truth bounding boxes, respectively, while Wy and
Hg denote the width and height of the minimum enclosing rectangle covering both the
predicted and ground-truth bounding boxes. As the distance between the two box centers
increases, Rwiou assigns a larger regression weight.

WIoU v3 further introduces a dynamic non-monotonic focusing mechanism based on the
relative quality of bounding-box samples. Its calculation is expressed in Equations (13)—(15).

LWIOUV3 = ')’LWIOle (13)
__B
L (14)
L*
B= LI—U € [0, +o0) (15)
ToU

where Lwiouvs denotes the WIoU v3 regression loss; - is the dynamic non-monotonic
focusing coefficient; and f is the outlier degree of the current bounding-box sample. In
Equation (15), L} ;; denotes the moving average of the IoU loss calculated over training
samples used to compute the focusing coefficient, with its gradient detached during the
weighting calculation. The hyperparameters a and 6 control the shape and peak position
of the non-monotonic focusing function. A value of § close to 1 indicates that the sample
quality is close to the average training level, whereas a substantially larger value indicates
a relatively low-quality sample. The « and ¢ used in Equation (14) are WloU v3 hyperpa-
rameters and are unrelated to the adaptive CloU coefficient & in Equation (8) and the ReLU
function 4(.) in Equation (2).

Unlike a monotonically increasing focusing strategy, the non-monotonic coefficient
reduces the dominance of both very high-quality and extremely low-quality samples while
assigning greater attention to ordinary samples that retain useful optimization information.
In the mango dataset, this mechanism is expected to reduce the adverse influence of
severely ambiguous boxes caused by occlusion or weak boundaries and to improve the
stability of bounding-box regression. Its contribution is independently assessed in the
ablation experiments.

2.4.4. P2-Based Small-Object Detection Head

For an input resolution of 640 x 640, the P2 feature map has a spatial resolution of
160 x 160, corresponding to an output stride of 4. The original YOLOv11n model transfers
the P3, P4, and P5 feature maps from the backbone to the neck for multi-scale fusion. These
feature maps are used to construct three detection outputs. The shallower P2 feature map
is not directly employed for prediction.

Repeated downsampling increases semantic abstraction but reduces spatial resolution.
This trade-off is particularly important for mango stems, which are generally narrower
and occupy fewer pixels than the corresponding fruits. Once fine stem boundaries or
attachment-region details are weakened during downsampling, they may be difficult to
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recover solely through subsequent upsampling and feature fusion. Similar difficulties arise
for distant fruits that occupy small image regions [30].

To preserve additional spatial information, the P2 feature map was introduced into
the neck of MangoNET. The high-resolution P2 features were fused with the upsampled
semantic features through concatenation and subsequent feature extraction. The resulting
feature map, denoted as F2, was then connected to an additional detection head.

Consequently, MangoNET contains four detection heads rather than the three heads
used in the original YOLOv11n architecture. The P2-based head focuses primarily on
small stems and distant fruits, whereas the remaining heads retain their roles in detecting
medium- and large-scale targets. Figure 7 illustrates the P2 feature-fusion process and the
outputs generated by the four detection heads. The concatenation node highlighted by the
dashed box represents the point at which the high-resolution P2 features are incorporated
into the neck.

Figure 7. P2 feature-fusion process and the four detection outputs of MangoNET.

2.5. Evaluation Metrics

Precision, recall, F1-score, average precision, and mean average precision were used to
evaluate fruit and stem detection. Precision measures the proportion of predicted positive
instances that are correctly detected, whereas recall measures the proportion of ground-truth
instances that are successfully detected. Their definitions are given in Equations (16) and (17):

TP
P= 1P (16)
TP
= 17
TP + FN A7)

where TP, FP, and FN denote the numbers of true-positive detections, false-positive de-
tections, and false-negative instances, respectively. In this study, precision and recall are
reported as dimensionless ratios ranging from 0 to 1.

The F1-score is the harmonic mean of precision and recall and provides a balanced
evaluation when false detections and missed detections are both important:

Fl— 2xPxR (18)
P+ R

where F1 denotes the harmonic mean of precision and recall. A larger F1-score indicates a
more balanced performance between false detections and missed detections.

Average precision summarizes the precision-recall relationship for one object category.
Its continuous-form definition is given in Equation (19).

AP = /01 P(R)dR (19)
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where P(R) denotes interpolated precision as a function of recall R. Although Equation (19)

presents AP in continuous integral form, its practical value was calculated numerically

from the discrete precision-recall curve generated over different confidence thresholds.
Mean average precision represents the mean AP over all object categories:

n .
mAP =Y AD

i=1

(20)

where AP; denotes the average precision of the i-th object category and # is the total
number of categories. In this study, n = 2, corresponding to the mango-fruit and mango-
stem classes. Two IoU-based mAP metrics were reported. mAP50 denotes the mean AP
evaluated at an IoU threshold of 0.50, whereas mAP50-95 denotes the mean AP averaged
over IoU thresholds ranging from 0.50 to 0.95 at intervals of 0.05. Compared with mAP50,
mAP50-95 imposes stricter requirements on bounding-box localization and provides a
more comprehensive assessment of detection quality.

The computational complexity of the models was evaluated using GFLOPs, which
represents the number of floating-point operations required for a single forward inference
and can be calculated as:

n
GFLOPs = % Y HiWK?Ci1C; (21)
i=1

where n denotes the number of convolutional layers; H; and W; represent the height and
width of the output feature map of the i-th layer; K; denotes the convolution kernel size;
and C;_; and C; denote the numbers of input and output channels, respectively.
The real-time performance of the models was evaluated using FPS, which represents
the number of image frames that can be processed per second and can be calculated as:
1000

FPS = 22
Tpre + Ting + Tpost ( )

where Tpre, Tinf, and Tpest represent the average preprocessing time, inference time, and
postprocessing time per image, respectively, measured in milliseconds. The factor 1000
converts milliseconds into seconds.

The model complexity was evaluated using Parameters (Params), which represents
the total number of trainable parameters in the network and can be calculated as:

n . . . .
Y. KiKi,Ci Ci

in —out

P = 23

arams 106 (23)
where K! and K/, denote the height and width of the convolution kernel in the i-th layer,
respectively. C! and C!, represent the input and output channels. 7 is the number of
convolutional layers, and 10° converts the total parameters into millions (M).

3. Results
3.1. Experimental Setup

The experiments were implemented using PyTorch 2.4.1 within an Anaconda en-
vironment. The hardware and software configurations are summarized in Table 3 and
the principal training hyperparameters are listed in Table 4. Unless otherwise specified,
all attention-module comparisons, ablation studies, and model-comparison experiments
were conducted using the predefined training, validation, and test subsets described in
Section 2.2 and followed the same training and evaluation protocol.
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Table 3. Hardware and software configuration used in the experiments.
Item Configuration
Operating system Windows
CPU AMD Ryzen 5 7500F 6-Core Processor 3.70 GHz
GPU NVIDIA GeForce RTX 4070
Integrated development environment PyCharm 2024.1.2
Python version Python 3.8.20
Deep-learning framework PyTorch 2.4.1
CUDA version CUDA 12.4

Table 4. Training hyperparameter settings.

Hyperparameter Value
Epochs 400
Batch 16
Workers 8
AdamW learning rate 0.001
Momentum 0.9
Weight decay 0.0005
Input image size 640 x 640

3.2. Comparison and Selection of Attention Mechanisms

To identify an appropriate attention mechanism for MangoNET, ten representative
modules were individually inserted at the same position in the YOLOv11n backbone and
evaluated using the same dataset partition, training settings, and evaluation protocol.
The evaluated modules included SENet, Coordinate Attention (CA) [31], Efficient Multi-
Scale Attention (EMA) [32], Efficient Channel Attention (ECA) [33], Convolutional Block
Attention Module (CBAM) [34], Simple Attention Module (SimAM) [35], Context Anchor
Attention (CAA) [36], Global Attention Mechanism (GAM) [37], Bi-Level Routing Attention
(BRA) [38] and Mixed local channel attention (MLCA) [39]. The results are summarized in
Table 5.

Table 5. Comparison of attention mechanisms embedded in the YOLOv11n backbone.

Fruit Stem mAP50- Params Size

Model P R 1 P R 1 mAP50 95 M) (MB) GFLOPs FPS
YOLOvlln 0949 0.881 0.914 0908 0.877 0.892 0.925 0.661 2.58 55 6.3 132
+CA 0945 0880 0.911 0915 0.871 0.892 0.926 0.665 2.59 55 6.3 125
+EMA 0946 0875 0.909 0916 0.871 0.893 0.930 0.663 2.59 55 6.4 125
+ECA 0948 0876 0911 0910 0.862 0.885 0.928 0.658 2.58 5.5 6.3 137
+CBAM 0948 0.875 0910 0912 0.868 0.889 0.925 0.657 2.65 5.6 6.4 133
+SimAM 0950 0.880 0.914 0915 0.873 0.894 0.930 0.659 2.58 55 6.3 132
+MLCA 0957 0869 0.911 0915 0.862 0.888 0.925 0.661 2.58 55 6.4 133
+CAA 0939 0.871 0904 0908 0.843 0.874 0.921 0.636 2.72 5.8 6.4 132
+GAM 0916 0865 0.890 0.884 0.819 0.850 0.901 0.592 4.22 8.8 7.6 128
+BRA 0929 0.840 0.882 0.893 0.840 0.866 0914 0.626 2.85 6.0 6.4 125
+SENet 0957 0879 0916 0918 0.862 0.889 0.930 0.665 2.59 5.5 6.3 133

Among the evaluated variants, the model incorporating SENet achieved competi-
tive overall detection performance among the evaluated attention-enhanced models, with
mAP50 and mAP50-95 values of 0.930 and 0.665, respectively. Its fruit and stem F1-scores
reached 0.916 and 0.889, respectively, while maintaining comparable stem detection perfor-
mance with the baseline model. Compared with the original YOLOv11n, SENet improved
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mAPS50 from 0.925 to 0.930 and mAP50-95 from 0.661 to 0.665 while maintaining com-
parable model complexity. Specifically, SENet introduced only a negligible increase in
parameters, from 2.58 M to 2.59 M, while maintaining the same model size of 5.5 MB
and computational cost of 6.3 GFLOPs. The inference speed remained comparable to the
baseline model, reaching 133 FPS. Although several other attention modules achieved
improvements in individual evaluation metrics, SENet provided the most balanced per-
formance across fruit detection accuracy, overall detection quality, and computational
efficiency. It was therefore selected as the channel-recalibration component of MangoNET.

3.3. Component-Wise Ablation Study

A component-wise ablation study was conducted to evaluate the individual and com-
bined contributions of the SENet-based channel-recalibration module, SPPF-ELAN context
aggregation module, P2 detection head, and WIoU v3 loss. The results of the eight configu-
rations are presented in Table 6. Group 1 corresponds to the baseline YOLOv11n, Groups
2-5 independently evaluate the four modifications, Groups 6 and 7 examine their progres-
sive integration, and the final configuration corresponds to the complete MangoNET.

The SENet-based channel-recalibration module increased mAPS50 from 0.925 to 0.930
and mAP50-95 from 0.661 to 0.665. The SPPF-ELAN module produced the largest indi-
vidual improvement in mAP50-95 among the single-component modifications, increasing
mAP50-95 to 0.679, while the fruit and stem F1-scores increased to 0.912 and 0.894, respec-
tively. This improvement was achieved with a moderate increase in model complexity,
as the parameters increased from 2.58 M to 3.24 M and the computational cost increased
from 6.3 to 6.8 GFLOPs, while the model size increased from 5.5 to 6.8 MB and inference
speed decreased slightly from 132 to 130 FPS. The P2 detection head increased stem recall
from 0.877 to 0.895 and stem F1-score from 0.892 to 0.911. It also increased mAP50 and
mAP50-95 to 0.937 and 0.675, respectively. However, the introduction of the P2 branch
resulted in a substantial increase in model complexity, with parameters increasing to 2.66 M,
GFLOPs increasing from 6.3 to 10.2, and inference speed decreasing from 132 to 119 FPS.
This improvement is consistent with the intended role of the high-resolution branch in
preserving fine spatial information for slender stem targets. Replacing CloU with WloU v3
increased mAP50 to 0.938 and stem F1-score to 0.906.

The progressive integration results further demonstrate the complementarity of the
introduced components. Combining SENet and SPPF-ELAN yielded an mAP50-95 of 0.679,
while the further addition of the P2 detection head increased mAP50 and mAP50-95 to
0.938 and 0.684, respectively. The complete MangoNET achieved fruit and stem F1-scores
of 0.920 and 0.916, together with mAP50 and mAP50-95 values of 0.941 and 0.690. Its
parameter number, model size, computational cost, and inference speed were 3.32 M,
7.2 MB, 10.7 GFLOPs, and 106 FPS, respectively.

Compared with YOLOv11ln, MangoNET increased fruit F1-score by 0.6 percentage
points, stem recall by 2.9 percentage points, and stem F1-score by 2.4 percentage points.
Its mAP50 and mAP50-95 increased by 1.6 and 2.9 percentage points, respectively. The
larger gain in mAP50-95 compared with mAP50 suggests that the proposed modifications
contributed not only to target retrieval but also to bounding-box localization under stricter
IoU thresholds. These accuracy improvements were accompanied by an increase in param-
eters from 2.58 M to 3.32 M, model size from 5.5 to 7.2 MB, and computational cost from
6.3 to 10.7 GFLOPs, together with a decrease in inference speed from 132 to 106 FPS. This
accuracy—efficiency trade-off is discussed further in Section 4.
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Table 6. Component-wise ablation results of MangoNET.

SE SPPF Fruit Stem Params  Size

Group  YOLOVIIn o p. P2 WU . x - . R - mAP50  mAP50-95 (Mp)  GFLOPs  FPS

1 v - - - - 0949 0881 0914 0.908 0.877 0.892 0.925 0.661 2.58 5.5 6.3 132

2 Vv Vv - - - 0957 0879 0916 0918 0.862 0.889 0.930 0.665 2.59 5.5 6.3 133

3 Vv - Vv - - 0958 0.871 0912 0915 0.873 0.894 0.932 0.679 3.24 6.8 6.8 130

4 vV - - v - 0951 0878 0913 0928 0.895 0.911 0.937 0.675 2.66 5.8 10.2 119

5 Vv - - - Vv 0953 0876 0913  0.936 0.878 0.906 0.938 0.660 2.58 5.5 6.3 132

6 Vv Vv N4 - - 0945 0.890 0917 0914 0.894 0.904 0.933 0.679 3.25 6.9 6.8 127

7 vV v vV v - 0956 0.883 0918  0.926 0.906 0.916 0.938 0.684 3.32 7.2 10.7 106
MangoNET Vv v Vv Vv Vv 0960 0.883 0920 0.927 0.906 0.916 0.941 0.690 3.32 72 10.7 106
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3.4. Training Hyperparameter Sensitivity and Convergence Analysis

To evaluate the rationality of the main training hyperparameters, a one-factor-at-a-
time sensitivity analysis was conducted for the learning rate, batch size, input image size,
and number of training epochs. The adopted configuration used a learning rate of 0.001, a
batch size of 16, an input resolution of 640 x 640, and 400 epochs, while all other training
settings were kept fixed when varying a single parameter. The results are summarized in
Table 7.

Table 7. Sensitivity analysis of the main training hyperparameters.

Fruit Stem mAP50- Training Time

Hyperparameter Value P R 1 P R 1 mAP50 95 (h)
Learning rate 0.0005 0.943 0.886 0914 0916 0919 0917 0.937 0.677 6
Batch 8 0.961 0.877 0917 0934 0900 0.917 0.944 0.681 8

Input image size 512 x 512 0.959 0.881 0.918 0.927 0.889 0.908 0.939 0.664 5.6
Epochs 300 0.958 0.871 0912 0929 0.896 0.912 0.939 0.676 5

350 0.957 0.885 0.920 0.922 0900 0.911 0.941 0.680 5.6
Baseline - 0.960 0.883 0.920 0.927 0.906 0.916 0.941 0.690 6

Note: The baseline configuration used a learning rate of 0.001, batch size 16, input size 640 x 640,
and 400 epochs. All other training settings were fixed when varying a single hyperparameter.

Reducing the learning rate from 0.001 to 0.0005 slightly improved stem recall and
F1-score, but decreased mAP50-95 from 0.690 to 0.677. Reducing the batch size from 16
to 8 increased mAP50 from 0.941 to 0.944, but decreased mAP50-95 from 0.690 to 0.681
and increased the training time from 6 to 8 h. The effect of input resolution was more
pronounced: reducing the image size from 640 x 640 to 512 x 512 decreased fruit and
stem Fl-scores from 0.920 and 0.916 to 0.918 and 0.908, respectively, while mAP50-95
dropped from 0.690 to 0.664. These results indicate that the adopted learning rate and batch
size provide a favorable balance between detection performance and training efficiency,
while the 640 x 640 input resolution better preserves fine spatial information for small and
slender stem targets.

The number of training epochs was further examined by comparing 300, 350, and
400 epochs. The corresponding mAP50-95 values were 0.676, 0.680, and 0.690, with training
times of 5.0, 5.6, and 6.0 h, respectively. The continued improvement at 400 epochs indicates
that shorter training schedules did not achieve the same overall detection performance,
while the additional training cost remained limited.

Overall, the adopted configuration of a learning rate of 0.001, a batch size of 16, an
input image size of 640 x 640, and 400 epochs achieved the highest mAP50-95 of 0.690
among the evaluated settings. The sensitivity analysis therefore provides quantitative
support for the selected training hyperparameters rather than relying solely on empirical
or default settings.

3.5. Module-Level Qualitative Analysis Under lllumination and Occlusion Conditions

Figure 8 presents qualitative examples to illustrate the effects of the channel-
recalibration and SPPF-ELAN modules under several challenging detection conditions.
These examples are intended to provide an intuitive visualization of the observed detection
behaviors rather than standalone evidence of module effectiveness, and should therefore
be interpreted together with the quantitative ablation results in Table 6.
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YOLOvllIn YOLOvlin
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Figure 8. Module-level qualitative comparisons under representative illumination and occlusion
conditions: (a) YOLOv11n versus YOLOv11ln with SENet-based channel recalibration; (b) YOLOv11ln
versus YOLOv11n with SPPF-ELAN context aggregation.

As shown in Figure 8a, the baseline YOLOv11n generated duplicate stem boxes in the
backlit scene and failed to provide a complete stem response in the low-light scene. After
incorporating the SENet-based channel-recalibration module, the predicted stem regions
were more spatially consistent and the duplicate response was suppressed. This qualitative
observation is consistent with the improved stem recall and F1-score reported in Table 5.

Figure 8b compares the baseline with the model incorporating SPPF-ELAN. In the fruit-
occlusion example, the modified model recovered a stem that was missed by the baseline.
Under stem occlusion and branch interference, the SPPF-ELAN variant produced more
complete fruit and stem predictions with fewer false-positive or duplicate boxes. These
examples qualitatively illustrate that combining local target cues with broader contextual
information can alleviate some detection failures caused by partial occlusion. However,
they should not be interpreted as evidence that the module can explicitly estimate the
occlusion ratio or reconstruct invisible stem regions.

3.6. Full-Model Qualitative Comparison and Feature-Attribution Analysis

Figure 9 compares the complete MangoNET with YOLOv11n five selected challeng-
ing orchard conditions. Under backlighting and low illumination, MangoNET reduced
duplicate stem predictions and recovered stem regions missed by the baseline. In fruit-
and stem-occlusion scenes, the proposed model produced more complete detections of
partially visible targets. Under branch interference, MangoNET reduced confusion between
branches and stems while maintaining fruit localization.

These examples are consistent with the quantitative improvements in stem recall,
stem Fl-score, and mAP50-95 reported in Table 6. Nevertheless, Figure 9 represents a
qualitative comparison of selected cases rather than an independent statistical evaluation
of illumination or occlusion robustness.

Grad-CAM++ [40] was further used to examine the spatial distribution of feature attri-
bution for YOLOv11n and MangoNET. As shown in Figure 10, in these selected examples,
the activation regions of MangoNET were generally more concentrated around visible fruit
and stem structures in the selected backlit, low-light, occluded, and branch-interference
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examples. In particular, MangoNET retained stronger activation around slender stem
regions in the low-light and stem-occlusion scenes. These visualizations provide qualitative
indications that, in the examined cases, the modified network places greater emphasis
on task-relevant regions. However, Grad-CAM++ reflects feature attribution rather than
causal reasoning and therefore cannot independently establish the mechanism responsible
for the performance improvement.

fruit 0,96

fruit 0.80

YOLOvl1n
MangoNET
éﬁﬁﬂ.?} '
Backlit Low light Fruit occlusion Stem occlusion Branch interference
[ The detection box of “fruit” [_| The detection box of “stem” Duplicate bounding box
L _ 1 False-positive bounding box
Figure 9. Qualitative comparison between YOLOv11n and MangoNET under representative illumi-
nation and occlusion conditions.
YOLOvlIn
MangoNET

Backlit Low light Fruit occlusion Stem occlusion  Branch interference

Figure 10. Grad-CAM++ feature-attribution maps of YOLOv11n and MangoNET under representa-
tive orchard conditions.
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3.7. Robustness Evaluation Under Motion Blur

To evaluate the robustness of MangoNET to motion blur, an additional controlled
experiment was conducted. Motion-blurred training samples were generated only from
the unaugmented original images contained in the predefined training set and were added
to the original training data, while the validation set remained unchanged. For testing,
only the unaugmented original images contained in the predefined test set were used.
Based on the same test images, mild, moderate, and severe motion blur conditions were
generated using equivalent blur lengths of 3, 5, and 7 pixels, respectively, at the model
input resolution of 640 pixels. The original annotations were retained because motion blur
changes image appearance without altering object locations. This design ensured that the
test images under different blur conditions contained identical scenes and annotations and
differed only in blur severity.

As shown in Table 8, the original MangoNET maintained relatively stable detection
performance under mild and moderate motion blur, indicating that the model itself has a
certain degree of robustness to moderate image degradation. The introduction of motion
blur augmentation resulted in only limited differences under no or mild motion blur,
whereas its advantage became more evident as the blur severity increased, particularly for
stem detection. Under severe motion blur, the stem mAP50 increased from 0.885 to 0.923,
while mAP50-95 increased from 0.474 to 0.496. Stem recall and F1-score also increased from
0.823 to 0.884 and from 0.856 to 0.901, respectively. For fruit detection, mAP50 increased
from 0.894 to 0.906 and mAP50-95 increased from 0.775 to 0.782. These results indicate that
MangoNET can maintain satisfactory detection performance under mild and moderate
motion blur, while targeted motion blur augmentation further improves its robustness
when more severe image degradation occurs.

Table 8. Detection performance under different motion blur levels.

Condition

Model

Fruit Stem

R F1  mAP50 m,;El:so— P R F1 mAP50 mAgl;SO"

No motion MangoNET 0.960 0.883 0.920 0.942 0.831 0927 0906 0916 0.939 0.549

blur

+MBA

0961 0.884 0.921 0.945 0.833 0930 0.906 0918 0.936 0.530

Mild motion = MangoNET 0.962 0.873 0.915 0.935 0.828 0922 0.907 0914 0.940 0.554

blur

+MBA

0964 0.877 0.918 0.940 0.826 0927 0900 0913 0.932 0.529

Moderate MangoNET 0.953 0.846 0.896 0.918 0.808 0.896 0.873 0.884 0910 0.520

motion blur +MBA 0961 0.858 0.907 0.924 0.808 0920 0.884 0902 0923 0.518
Severe MangoNET 0944 0.805 0.869 0.894 0775 0891 0.823 0.856 0.885 0.474
motion blur +MBA 0940 0.841 0.888 0.906 0782 0918 0.884 0901 0.923 0.496

Note: MBA denotes motion blur augmentation applied during model training.

The qualitative results in Figure 11 show a similar trend. Under mild and moderate mo-
tion blur, most fruits and stems can still be reliably detected by the original MangoNET. As
the blur severity increases, however, lower-confidence detections become more evident in
several thin stem regions. In comparison, the model trained with motion blur augmentation
maintains more stable detection responses, particularly under severe motion blur.

Overall, MangoNET demonstrates inherent robustness to mild and moderate mo-
tion blur, while severe motion blur has a greater adverse effect on thin stem detection.
Introducing motion-blurred samples during training can effectively alleviate this degra-
dation and further improve the robustness of MangoNET under strongly motion-blurred
imaging conditions.
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MangoNET
MangoNET with ; N
motion blur &
augmentation
No motion blur Mild motion blu Moderate motion blur Severe motion blur
:I The detection box of “fruit” |:| The detection box of “stem” r__" Low-confidence detection box
Figure 11. Qualitative comparison of MangoNET with and without motion blur augmentation under
different motion blur conditions.
3.8. Sensitivity to Dataset Partitioning
Five-fold cross-validation was conducted to examine the sensitivity of MangoNET to
different data partitions. The 1782 original images were first divided into five mutually
exclusive subsets at the source-image level. In each fold, four subsets were used for training
and the remaining subset was used for validation. Data augmentation was applied only to
the training portion after the fold split, while the validation subset remained unaugmented.
Precision, recall, Fl1-score, mAP50, mAP50-95 and FPS were calculated for each fold, and
the results are presented in Table 9.
Table 9. Source-image-independent five-fold cross-validation results of MangoNET.
Fruit Stem
Fold mAP50 mAP50-95 FPS
P R F1 P R F1
1 0947 0.897 0921 0.924 0.911 0.917 0.938 0.712 105
2 0962 0906 0933  0.942 0.921 0.931 0.952 0.710 105
3 0.967  0.899 0932  0.929 0.910 0.919 0.940 0.718 106
4 0955 0.890 0921 0.933 0.910 0.921 0.950 0.701 107
5 0949 0.893 0920  0.929 0.913 0.921 0.941 0.715 106
Average 0956 0.897 0925 0931 0.913 0.922 0.944 0.711 105.8
Standard deviation 0.008  0.006  0.007  0.007 0.004 0.005 0.006 0.006 0.837

Across the five folds, MangoNET achieved average mAP50 and mAP50-95 values of
0.944 and 0.711, with corresponding standard deviations of 0.006 and 0.006, respectively.
The standard deviations of fruit precision, recall, and F1-score were 0.008, 0.006, and 0.007,
respectively, while those of stem precision, recall, and F1-score were 0.007, 0.004, and 0.005.
The average inference speed was 105.8 FPS, with a standard deviation of 0.837 FPS, showing
only minor variation across the five folds.

The relatively small variations in detection performance and inference speed across
the five source-image-independent folds indicate that MangoNET maintained stable per-
formance and computational efficiency under different data partitions. In addition, the
fold-averaged results in Table 9 should not be directly compared with the predefined
test-split results in Tables 6 and 10.
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Table 10. Comparison with representative object detectors on the predefined test subset.
Fruit Stem mAP50- Params Size
Model P R 1 P R mAP50 95 M) (MB) GFLOPs FPS
RT-DETR-1 0743 0761 0.752 0711 0.752 0.731 0.797 0.504 31.99 66.3 103.4 56
Faster-RCNN  0.680 0.843 0.753 0.416 0.694 0520 0.688 - 28.29 108.1 115.7 23
SSD 0937 0715 0.811 0.778 0.309 0442 0.694 - 26.30 91.1 62.8 85
YOLOvS8n 0944 0.876 0909 0915 0.853 0.883 0.931 0.663 3.01 6.3 8.1 130
YOLOvlln 0949 0.881 0914 0908 0.877 0.892 0.925 0.661 2.58 55 6.3 132
MangoNET 0960 0.883 0.920 0927 0.906 0916 0.941 0.690 3.32 7.2 10.7 106

3.9. Comparison with Representative Object Detectors

MangoNET was compared with representative transformer-based, two-stage, conven-
tional one-stage, and lightweight YOLO detectors. All models were trained and evaluated
using the same predefined dataset partition and evaluation protocol. Table 10 reports
the results on the fixed test subset rather than the five-fold averages presented in Table 9.
In addition to detection accuracy and model size, the number of parameters (Params),
computational complexity (GFLOPs) and inference speed (FPS) were included to provide a
more comprehensive evaluation of model performance and efficiency.

MangoNET achieved mAP50 and mAP50-95 values of 0.941 and 0.690, respectively.
Compared with YOLOv11n, mAP50 increased by 1.6 percentage points and mAP50-95
increased by 2.9 percentage points. For fruit detection, precision, recall, and F1-score
increased by 1.1, 0.2, and 0.6 percentage points, respectively. For stem detection, the corre-
sponding improvements were 1.9, 2.9, and 2.4 percentage points. The larger improvement
in stem-related metrics, particularly recall, indicates that MangoNET was more effective in
reducing missed detections of the challenging stem class.

MangoNET also achieved a higher mAP50 than RT-DETR-1 [41], Faster-RCNN [42],
SSD [43] and YOLOVSn [44]. However, these architectures differ substantially in model
scale and design. The comparison should therefore be interpreted as a representative
cross-architecture evaluation rather than a strictly complexity-matched state-of-the-art
benchmark. Regarding model complexity, MangoNET contained 3.32 M parameters and
occupied 7.2 MB, which were slightly higher than YOLOv11ln with 2.58 M parameters
and 5.5 MB, but remained substantially smaller than RT-DETR-1, Faster-RCNN, and SSD.
MangoNET required 10.7 GFLOPs and achieved 106 FPS, compared with 6.3 GFLOPs
and 132 FPS for YOLOvlln. Although its computational cost was higher than those
of YOLOv11n and YOLOVSn, it remained substantially lower than those of RT-DETR-],
Faster-RCNN, and SSD, with an FPS higher than that of these three models.

Representative detection outputs are shown in Figure 12. RT-DETR-1 produced du-
plicate or low-confidence stem predictions in several challenging scenes. Faster-RCNN
and SSD exhibited more frequent false-positive fruit or stem detections, particularly under
low illumination, fruit occlusion, and branch interference. YOLOv8n performed more
consistently but still produced duplicate or missed stem detections in selected difficult
cases. MangoNET generated more complete fruit and stem predictions in the displayed
examples, consistent with its higher stem recall and improved mAP50-95 performance.
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Figure 12. Representative detection outputs of different models under backlighting, low illumination,
fruit occlusion, stem occlusion, and branch interference.

3.10. Pilot Cross-Site Field Evaluation

To examine the preliminary potential for cross-site applicability, pilot field experiments
were conducted at Nantai Ecological Farm in Wuguishan, Zhongshan, Guangdong Province,
China (113°37" E, 22°44’ N). This orchard was geographically distinct from the two training-
data collection sites in Sanya, Hainan Province. The evaluation used a DJI Mavic 3 Pro
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UAV (manufactured by DJI, Shenzhen, China), an Intel RealSense D435i RGB-D camera
(manufactured by Intel Corporation, Santa Clara, CA, USA), and a laptop equipped with an
NVIDIA GeForce GTX 1650 Ti GPU and an AMD Ryzen 5 4600H processor. The practical
deployment process of MangoNET using UAV and RGB-D camera is demonstrated in
Video S1.

In the UAV experiment, two mango trees were selected as evaluation targets. The
UAV moved horizontally at an approximately constant distance of 3 m from the canopy, as
illustrated in Figure 13. Images were acquired by the UAV camera and processed using
the computing device. The visible-fruit detection rate was calculated as the number of
manually annotated visible fruits correctly detected in the selected UAV images divided by
the total number of manually annotated visible fruits. As is shown in Figure 14, MangoNET
achieved a visible-fruit detection rate of 84.4%, compared with 73.3% for YOLOv11n. The
result indicates that MangoNET detected more target instances than YOLOv11n in the
selected cross-site scenes of this pilot evaluation. Because the evaluation involved only
two trees, it should be interpreted as a pilot demonstration rather than a statistically
comprehensive orchard-scale assessment.

Camera

(2)YOLOvIIn (b) MangoNET

Figure 14. Comparison of YOLOv1ln and MangoNET using a representative UAV-acquired
orchard image.

In the second experiment, RGB image streams were acquired using the Intel RealSense
D435i camera while an operator manually moved the sensor around the fruit-bearing
branches to simulate viewpoint changes during robotic manipulation. Model inference
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was performed on the laptop rather than on the camera itself. Six representative frames
were selected from the continuous RGB-D video sequences for qualitative visualization in
Figure 15 and do not represent the entire RGB-D experiment. In these selected examples,
YOLOv11n missed several overlapping or heavily occluded fruits and stems and occasion-
ally merged adjacent fruits into one bounding box. MangoNET reduced these failure cases
in the selected frames and generated more complete predictions under viewpoint variation,
occlusion, and tied-stem interference.

|:| The detection box of “fruit” |:| The detection box of “stem”

Figure 15. Representative RGB frames acquired using the Intel RealSense D435i: (a—f) YOLOv1ln;
(g-1) MangoNET. Yellow dashed circles indicate missed detections.

To further assess the computational feasibility of the models in practical applications,
their inference speeds were evaluated on the same laptop used in the field experiments.
YOLOVv11n achieved 62 FPS, corresponding to an average end-to-end processing latency
of 16.1 ms per frame, whereas MangoNET achieved 48 FPS with an average latency of
20.8 ms per frame. Although MangoNET introduced additional computational overhead, it
maintained real-time processing capability on the experimental computing platform.

Although MangoNET was trained using images collected in Hainan Province, the pilot
experiments in Zhongshan demonstrate the feasibility of applying the detector to images
acquired using different imaging platforms in a geographically distinct orchard. However,
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these experiments were designed as exploratory field demonstrations rather than statisti-
cally powered evaluations of cross-site generalization. Therefore, no conclusion regarding
broad geographical generalization is drawn from the current results. Larger-scale quantita-
tive evaluations involving more trees, complete video sequences, and multiple orchards
are required to systematically assess the cross-site generalization capability of MangoNET.

4. Discussion

MangoNET achieved higher overall detection and localization performance than
YOLOv11n, with the most pronounced improvements observed for the stem class. Stem
recall increased from 0.877 to 0.906, whereas stem F1-score increased from 0.892 to 0.916.
In comparison, the improvements for fruit detection were smaller because the baseline
already achieved relatively high fruit precision and F1-score. These results indicate that the
introduced modifications mainly benefited the more difficult slender and partially visible
stem targets.

The difference between the gains in mAP50 and mAP50-95 provides further insight
into the contribution of MangoNET. Compared with YOLOv11n, mAP50 and mAP50-95
increased by 1.6 and 2.9 percentage points, respectively. The larger gain under stricter IoU
thresholds suggests that the proposed modifications improved bounding-box localization
quality in addition to reducing missed detections. Among the individual components,
SPPF-ELAN produced the largest single improvement in mAP50-95 among the individual
modifications, while the P2 detection head yielded a pronounced increase in stem recall
and Fl-score. SENet provided a consistent but relatively modest improvement in detection
performance, whereas WloU v3 further enhanced localization accuracy when integrated
with the other components.

These improvements were accompanied by increased computational cost. Compared
with the baseline YOLOv11n, MangoNET increased the number of parameters from 2.58 M
to 3.32 M, model size from 5.5 to 7.2 MB, and computational complexity from 6.3 to
10.7 GFLOPs, while inference speed decreased from 132 to 106 FPS. Among the introduced
components, the P2 detection head accounted for most of the additional computational
demand. Specifically, introducing P2 alone increased computational complexity from 6.3
to 10.2 GFLOPs and reduced inference speed from 132 to 119 FPS. This increase is mainly
attributed to the high-resolution feature maps used by the P2 branch, which preserve fine
spatial details but require additional computation. Despite this computational penalty, the
P2 head increased mAP50 from 0.925 to 0.937 and mAP50-95 from 0.661 to 0.675, while
improving stem recall from 0.877 to 0.895 and stem Fl-score from 0.892 to 0.911. These
results demonstrate that the additional computational cost of the P2 branch is justified
by its ability to enhance the detection of slender and partially occluded stem targets.
Therefore, MangoNET represents an accuracy—efficiency trade-off rather than a purely
lightweight optimization.

The pilot field experiments further demonstrate the practical feasibility of applying
MangoNET to images acquired using different imaging platforms in a geographically
distinct orchard. Nevertheless, the evaluation was limited to two trees and selected frames
from the camera sequences. These experiments therefore demonstrate application potential
rather than statistically validated cross-regional generalization. Compared with mango-
harvesting perception methods that integrate object detection with stem segmentation
and skeleton extraction [22,23], MangoNET focuses on the preceding candidate-generation
stage and does not directly recover stem centerlines or harvesting points. This narrower
task formulation enables a unified bounding-box detector but provides less geometric
information for manipulation. In addition, although a previous mango fruit-stem detector
was evaluated on an NVIDIA Jetson Orin Nano [2], MangoNET was evaluated for inference
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speed on the same laptop used in the field experiments and maintained real-time processing
capability on this experimental computing platform. However, its deployment efficiency
on dedicated edge-computing hardware has not yet been experimentally validated. These
differences clarify that MangoNET complements, rather than replaces, segmentation-,
keypoint-, and edge-deployment-oriented solutions.

The present framework also has a task-level limitation. MangoNET outputs horizon-
tal bounding boxes but does not explicitly establish one-to-one fruit-stem associations.
Although such boxes are suitable for candidate-region generation, they cannot fully repre-
sent the elongated geometry and spatial orientation of mango stems. A complete robotic
harvesting system would therefore require subsequent association, local segmentation or
keypoint estimation, depth-based three-dimensional localization, and manipulator trajec-
tory planning.

In addition, the dataset was collected from two orchards in Sanya under sunny daytime
conditions and contains only Tainong and Jinhuang cultivars. Its geographical, varietal,
weather, and nighttime diversity remains limited. Future work should therefore expand
the dataset across regions and seasons, quantify performance according to illumination and
occlusion severity, evaluate fruit-stem association accuracy, and investigate lightweight
deployment on edge-computing platforms.

5. Conclusions

This study developed MangoNET for joint mango fruit and stem detection in complex
orchard environments. By integrating SENet-based channel recalibration, SPPF-ELAN
multi-scale context aggregation, a P2 high-resolution detection head, and WIoU v3 into
YOLOv11n, MangoNET achieved fruit and stem F1-scores of 0.920 and 0.916, respectively.
Its mAP50 and mAP50-95 reached 0.941 and 0.690, corresponding to improvements of
1.6 and 2.9 percentage points over the baseline. Stem recall increased from 0.877 to 0.906,
indicating that the proposed modifications primarily reduced missed detections of small,
slender, and partially visible stems. Source-image-independent five-fold cross-validation
further demonstrated stable detection performance across different data partitions, while
pilot evaluations using images acquired by a UAV and an RGB-D camera in a geographically
distinct orchard suggested that MangoNET retained detection capability under an unseen
orchard condition. These results support MangoNET as an upstream perception component
for generating fruit and stem candidate regions in robotic harvesting systems. Future
work will focus on explicit fruit-stem association, harvesting-point localization, three-
dimensional pose estimation, and closed-loop robotic manipulation.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/agriculture16171888/s1, Video S1: Overview of the proposed
MangoNET framework, including its key modules and architectural enhancements, and detection
demonstrations using images acquired by a UAV and an RGB-D camera.
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