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Abstract

Wheat head detection is a critical component in high-throughput phenotyping, holding
significant application value for wheat yield estimation and breeding analysis. With the con-
tinuous advancement of general object detection models, state-of-the-art detectors achieve
high accuracy in same-distribution wheat head detection scenarios. However, when ap-
plied to cross-distribution environments, their performance often degrades significantly.
To investigate this issue, this paper adopts the official division of the GWHD2021 public
dataset as the cross-distribution evaluation setting. Using the recently state-of-the-art object
detection model YOLOv13 as the baseline, we systematically explore effective approaches
to enhance cross-distribution generalization performance in wheat head detection. Specifi-
cally, we propose two lightweight modifications to YOLOv13’s Full-PAD architecture and
HyperACE’s core modules, analyzing their potential mechanisms: (1) Replacing scalar
gating in Full-PAD with channel-level gating enables finer-grained branch injection control.
Concurrently, channel-level gating introduces equivalent stronger weight penalties during
training, generating additional regularization effects. Through exploratory controlled exper-
iments aligning weight-penalty strengths, we find that this gain depends on both channel
decoupling and the accompanying implicit regularization rather than on decoupling alone.
(2) Removing Batch Normalization from HyperACE’s core C3AH modules and adopting
normalization strategies independent of batch statistics—such as Identity, Group Normal-
ization, or Instance Normalization. Preliminary experiments show that while this results in
a small, directionally positive change, the change remains within run-to-run variance; we
therefore do not claim BN removal as a reliable standalone improvement. Furthermore,
combining channel gating with BN removal does not yield further additive improvements
compared to channel gating alone, indicating an interaction effect. To address this, we
analyze relevant statistics between channel gating and HyperACE branches, providing
an exploratory explanation for this non-additive phenomenon. In summary, this paper
delivers empirical evidence and preliminary insights for enhancing generalization perfor-
mance in the cross-distribution wheat head detection task of the advanced general-purpose
detection model YOLOv13.

Keywords: GWHD2021; wheat head detection; cross-distribution generalization; YOLOv13;
channel gating; BN-free

1. Introduction
Wheat is a globally important crop and a primary food source for humans, with its

production closely linked to global food security [1,2]. Phenotypic parameters of the head,
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such as number of heads or the grains per head, are closely related to yield estimation and
variety improvement [3]. Achieving rapid and accurate detection and counting of wheat
heads in field environments not only supports high-throughput phenotyping analysis, pro-
viding key inputs for yield prediction and growth monitoring, but also offers data support
for precision agricultural management, resource allocation, and breeding decisions [4].
Traditional wheat head or other crop detection and counting methods primarily include
manual counting and conventional image processing: manual counting is time-consuming,
labor-intensive, and prone to subjective errors [5–7]; conventional image processing often
relies on manually designed features such as texture and morphology, involving complex
processes. In natural field environments, it is susceptible to interference from factors like
light variation, complex backgrounds, similar colors of heads and leaves, overlapping
heads, and changes in imaging scale, resulting in limited robustness [8–10]. In recent years,
deep neural networks have become the mainstream method for detecting wheat heads and
other crops. These networks learn discriminative features through data-driven learning
and demonstrate outstanding performance in complex scene object detection [11–14].

Wheat head detection faces challenges such as complex backgrounds, dense occlusions,
and small targets [15,16]. To address issues like missed detections of densely packed small
objects and positioning difficulties caused by overlapping occlusions, existing research
has primarily enhanced robustness through approaches including multi-scale detection
and feature fusion [17], attention mechanism enhancement [18], localization loss modifica-
tion [19,20], and detection head structure optimization [21,22]. For instance, Meng et al. [23]
introduced a micro-scale detection layer within the YOLOv7 framework and integrated
convolutional block attention module to enhance the object information while suppressing
complex background interference; Dai et al. [24] expanded YOLOv5s’ three-scale detection
to four scales and introduced the efficient channel attention to enhance suitability for
challenging field conditions; Xu et al. [25] incorporated attention mechanisms into YOLOv8
while adopting a dynamic detection head and improved localization loss to enhance small
object localization accuracy in complex field environments; Zhenlin Yang et al. [26] applied
RT-DETR to wheat head detection and combined it with a lightweight feature pyramid
to enhance multi-scale fusion, thereby improving detection capabilities for occluded and
overlapping heads; Yuting Zhang et al. [27] introduced a global edge information transfer
module architecture based on lightweight YOLOv11n, employing an improved localization
loss to stabilize regression of distant small objects and enhance robustness in densely
occluded scenarios. Overall, these methods typically achieve significant improvements
under identical or similar data collection conditions.

However, domain shifts—differences arising from cross-region, cross-year, cross-
variety, and cross-platform data collection—are prevalent in real-world field applications.
Specifically, wheat head detection faces severe domain shifts because data collected across
different regions and years exhibit distinct phenotypic variations (e.g., ear shapes and awn
lengths across varieties), drastically different lighting conditions, and varying background
soil colors. When training and testing data are collected under these differing conditions
(e.g., sensors/resolution, light intensity, viewing angles, growth stages, density), detection
models often exhibit significant performance degradation. Mechanistically, this degradation
occurs because deep neural networks are prone to “shortcut learning”—they tend to
overfit to spurious domain-specific correlations (such as specific background soil colors)
rather than learning the invariant causal features of wheat heads. More broadly, this is
an instance of the domain generalization problem in computer vision, in which a model
trained on one or more source domains must generalize to unseen target domains [28,29].
Regrettably, many existing wheat head detection studies still primarily aim to improve
accuracy and efficiency within the same data distribution. Common approaches include
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training and testing on data collected under a single condition, randomly resampling the
GWHD2021 [30] dataset to create new training/test splits, or reporting results only on the
validation set. While these approaches help evaluate upper-bound performance under
identical distributions, they inadequately characterize cross-distribution robustness. Out-of-
distribution evaluation on GWHD2021 itself remains sparse: the few existing efforts [31,32]
rely on classical two-stage or one-stage detectors and a per-domain accuracy metric, leaving
the behavior of modern real-time detectors and architecture-level modifications under this
shift largely unexplored. Consequently, research on performance degradation patterns,
robustness assessment, and enhancement strategies across diverse environments provides
both clear data benchmarks and direct practical value. This paper therefore focuses on
evaluating and improving the generalization performance of wheat head detection across
cross-distribution conditions.

This paper adopts the official partitioning of the GWHD2021 [30] public dataset as its
research framework. The dataset is organized into multiple sub-datasets, each representing
a group of data collected under identical conditions. The official partitioning of train-
ing/validation/test sets emphasizes cross-domain generalization evaluation, providing
a reproducible benchmark for cross-distribution research. For the baseline model, we
adopt the recently proposed YOLOv13 [33] as our subject of study. Its input resolution
is aligned with the original resolution of GWHD2021 images to avoid information loss
caused by additional scaling. Based on the official partitioning, we observe a significant
generalization gap between the validation set and the test set. Additionally, we supple-
ment performance comparisons under randomly partitioned same-distribution settings to
quantify the difficulty of cross-distribution evaluation.

YOLOv13 introduces the Hypergraph-based Adaptive Correlation Enhancement mech-
anism (HyperACE) into the YOLO series [34,35] to model global multi-to-multi higher-
order correlations and enhance cross-location and cross-scale features; it also proposes
the Full-Pipeline Aggregation-and-Distribution paradigm (Full-PAD), which distributes
and fuses the enhanced features from HyperACE across multiple stages of the backbone,
neck, and head. To improve out-of-distribution (OOD) generalization performance while
minimizing changes to the overall architecture and training workflow, this paper proposes
two lightweight modifications centered on YOLOv13’s Full-PAD fusion and HyperACE
key blocks, and organizes the study around three hypotheses: (H1) replacing the scalar
gating in Full-PAD with channel-level gating improves OOD generalization, through finer-
grained channel decoupling together with an implicit regularization effect; (H2) reducing
the dependence of HyperACE’s key blocks on batch statistics—by removing Batch Nor-
malization [36] and adopting batch-independent normalization such as Identity, Group
Normalization [37], or Instance Normalization [38]—improves OOD generalization; and
(H3) the two modifications are complementary, so that their gains are additive when com-
bined. Because the OOD gains involved are small and detector training is stochastic, we
evaluate the main configurations over an initial set of three repeated independent training
runs. From exploratory experiments, we draw the following preliminary conclusions:
First, regarding H1, channel-level gating showed a performance gain on the OOD test
set, and an exploratory single-run weight-penalty-aligned ablation attributes this gain to
both channel decoupling and implicit regularization. For H2, BN removal produces only a
small, directionally positive change that lies within run-to-run variance, so we do not claim
it as a reliable standalone improvement. H3 is not supported: the combination does not
yield further additive gains compared to channel gating alone, indicating an interaction
effect. To avoid subjective interpretation, this paper further calculates several metrics
between channel gating and HyperACE branches. These exploratory statistics suggest
that the current regularization strength and form may be insufficient to simultaneously
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stabilize the channel fluctuations caused by these two modifications, thereby limiting the
overall performance gain. In summary, this paper presents a controlled empirical baseline
for the GWHD2021 official cross-domain evaluation, along with two lightweight modifi-
cations and an analysis of their interaction, providing practical guidance for improving
cross-distribution robustness of object detection models in agricultural vision scenarios.

The main contributions of this paper are as follows:

(1) We establish a controlled empirical baseline for YOLOv13 under the official GWHD2021
cross-distribution partitioning scheme, evaluated over initial three consecutive inde-
pendent training runs (reported as mean ± standard deviation), and provide a com-
parison with the random partitioning (i.e., independent and identically distributed)
to quantify the generalization gap.

(2) We preliminarily observe that replacing scalar gating with channel-level gated fusion
produces a performance gain on the OOD test set, and through an exploratory weight-
penalty-aligned ablation, we hypothesize that this gain depends on both finer-grained
channel decoupling and an implicit regularization effect.

(3) We reveal a non-additive interaction between channel gating and BN-free modifica-
tions. On the one hand, we report that BN removal alone does not yield a reliable
gain; on the other hand, we provide an exploratory explanation based on gating
and branch statistics, offering empirical conclusions for combining fusion gating and
normalization strategies under cross-domain conditions.

2. Methods
2.1. Overview of the YOLOv13 Architecture

This paper uses YOLOv13 as the baseline detector. Unlike the traditional YOLO
“backbone–neck–head” architecture [39–45], YOLOv13 introduces a HyperACE (Hypergraph-
based Adaptive Correlation Enhancement) module on the multi-scale features (denoted
as B3, B4, and B5) from the baseline network to model cross-scale and cross-location fea-
ture correlations and generate enhanced features; subsequently, through the Full-PAD
(Full-Pipeline Aggregation and Distribution) paradigm, the enhanced features are dis-
tributed and fused at multiple locations within the network to further strengthen feature
representation. The overall architecture of YOLOv13 is shown in Figure 1.

 

Figure 1. Overall architecture of YOLOv13 and the positions of HyperACE/FullPAD.

After receiving multi-scale features from the backbone, HyperACE simultaneously
models local and global information through multiple branch paths and outputs enhanced
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feature maps for subsequent distribution. Full-PAD, on the other hand, establishes fusion
channels (FullPAD Tunnels) at multiple locations—including the connection between the
backbone and neck, the internal layers of the neck, and the connection between the neck
and head—to inject the HyperACE output into the corresponding layer features after scale
and channel alignment. Subsequent modifications in this paper primarily focus on the
gated fusion mechanism of Full-PAD and the normalization strategy of the HyperACE core
block, as indicated by the red areas in Figure 1.

2.2. Channel-Level Gated Fusion in the FullPAD Tunnel

In the FullPAD Tunnel of YOLOv13, the original features F and the enhanced features

H are fused via gated fusion to produce the output
∼
F, as shown in Figure 2. The original

implementation uses scalar gating:

∼
F = F + γH (1)

  
(a) (b) 

Figure 2. Comparison of FullPAD tunnel gating methods: (a) scalar gating,
∼
F = F + γH; (b) channel

gating,
∼
F = F + G ⊙ H.

Here, γ is a learnable scalar used to control the overall injection strength of the
augmentation branch. This formulation applies a uniform scaling to all channels, ignoring
differences in semantic contributions and stability across channels.

To improve the fine-grained control of the fusion, this paper replaces scalar gating
with channel-level gating:

∼
F = F + G ⊙ H, G ∈ R1×C×1×1 (2)

Here, ⊙ denotes element-wise multiplication (applied via broadcasting across the
batch and spatial dimensions), and G represents channel-wise learnable gating coefficients.
Channel-level gating enables the decoupling of input strengths across different channels:
the network can adaptively amplify channels with higher contributions based on the
training signal, while suppressing channels with lower contributions or those that are
unstable for the task or correlated with background responses. In scenarios involving multi-
source data and cross-distribution evaluation, this fine-grained adjustment mechanism
may be more effective in improving generalization performance.

From the optimization perspective, let the loss be L, and let the gradient backprop-

agated to the fusion point be U = ∂L/∂
∼
F. Then, the gradients for the scalar gate and the

channel gate are respectively
∂L
∂γ

= ∑
c,h,w

Uc,h,wHc,h,w (3)
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∂L
∂gc

= ∑
h,w

Uc,h,w Hc,h,w (4)

Scalar gates are updated by aggregating the gradients across all channels, whereas
channel gates allow each channel to independently adjust its injection strength based on
its own gradient, making it easier to suppress injection from low-contribution or unreli-
able channels.

In addition, channel-level gating introduces implicit changes in the strength of reg-
ularization. When using weight decay (L2 or decoupled weight decay in AdamW), the
penalty for the gating term can be written as

WDscalar = λ · γ2 (5)

WDchannel = λ · ∑
c

g2
c (6)

Here, λ is the decay coefficient. When the order of magnitude of the channel-specific
gating terms is comparable to that of the scalar gating term, the total penalty from channel-
specific gating becomes stronger, thereby imposing a more significant regularization con-
straint on the branches. In the experimental section, we will exploratorily distinguish
between the contributions of the “channel decoupling” and “implicit regularization” mech-
anisms by ablating the alignment of gating decay strengths.

2.3. BN-Free Strategy for the HyperACE Core Block

In YOLOv13’s HyperACE, C3AH is responsible for modeling global high-order correla-
tions and serves as the core component of HyperACE. In the original implementation, Batch
Normalization (BN) is applied after the convolutional layers of C3AH for normalization.
During training, BN normalizes features using mini-batch statistics, while during testing, it
uses the moving mean and variance accumulated during training. In out-of-distribution
(OOD) scenarios, there is often a shift in feature statistics between the training and testing
domains, causing the moving statistics used by BN during testing to mismatch the current
domain. This may lead to normalization mismatch in BN, which affects generalization
performance. To reduce reliance on batch statistics and training-domain moving statistics,
this paper adopts a BN-free strategy in the C3AH block: one approach is to directly replace
BN with an identity map; the other is to replace BN with normalization methods that do not
rely on batch statistics, such as IN (Instance Normalization) or GN (Group Normalization).

Let the input feature be x ∈ RN×C×H×W . For the BN on channel c, the mean and
variance during training are defined as

µc =
1

NHW ∑
n,h,w

xn,c,h,w (7)

σ2
c =

1
NHW ∑

n,h,w
(xn,c,h,w − µc)

2 (8)

The output of BN is

BN(xn,c,h,w) = αc ·
xn,c,h,w − µc√

σ2
c + ϵ

+ βc (9)

Here, αc and βc are learnable affine parameters, and ϵ is a numerical stability term.
During the testing stage, the cumulative moving statistics

(
µ̂c, σ̂2

c

)
accumulated during

training are typically substituted for
(
µc, σ2

c
)
. When there are statistical differences between

the testing domain and the training domain,
(

µ̂c, σ̂2
c

)
may fail to accurately characterize
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the feature distribution of the current domain, thereby causing a normalization offset and
affecting the response and fusion of subsequent modules.

This paper adopts the lightest BN-free approach, which involves replacing the BN
layer with an identity map—that is, simply removing the BN layer:

y = x (10)

This modification eliminates the original parameters and computational overhead,
completely removing the reliance on batch statistics and moving statistics. In addition to
directly removing BN, we also tested two alternative normalization methods that do not
depend on batch-level statistics: Instance Normalization (IN) and Group Normalization
(GN). IN calculates the mean and variance of spatial statistics only on a single sample
and a single channel; GN divides the channels into G groups, calculates the mean and
variance for each sample and each group within the (C/G)× H × W range, and performs
normalization (as shown in Figure 3). A common feature of both is that their statistical
scope does not include the batch dimension, thereby avoiding the risk of mismatch caused
by moving statistics from the training domain during cross-domain testing.

   
(a) (b) (c) 

Figure 3. Schematic diagram of the statistical scope for BN/IN/GN: (a) BN uses batch statistics,
while (b) IN/(c) GN computes statistics within a single sample.

We focus this modification on C3AH because it is the core block that models global
high-order correlations over the entire feature map, so its post-convolution BN statistics are
particularly exposed to the train–test distribution shift described above. In implementation,
we replaced all Batch Normalization (BN) layers originally used in C3AH—specifically at
the 1 × 1 convolutions of the two branches and the 1 × 1 convolution after concatenation
(three locations in total)—with Identity, IN, or GN with varying numbers of groups. In the
main experiments, we carry the lightest variant—Identity (direct BN removal)—through our
multi-run analysis, since it is the variant that enters the interaction study; the comparison
among Identity, IN, and GN is exploratory and single-run, and is reported in Appendix A
(Table A1). These experiments examine the impact of removing batch-statistic dependence
in C3AH on OOD generalization.

3. Experiments
To evaluate our proposed modifications and their underlying mechanisms, we con-

ducted controlled exploratory experiments. In Section 3.1, we describe the implementation,
including the dataset and hyperparameters. In Section 3.2, we evaluate our modifications
on the official split and on the split of the same distribution. In Section 3.3, we conduct
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an exploratory single-run ablation to examine whether the channel-gating gain reflects
channel decoupling, implicit regularization, or both.

3.1. Dataset and Experimental Setup

We conducted our experiments using the GWHD2021 public dataset. GWHD2021 is
an expansion of GWHD2020: GWHD2020 was constructed by integrating multi-source
data from nine institutions across seven countries and three continents; GWHD2021 further
supplements the original dataset with images collected by the same institutions across dif-
ferent years, locations, and a broader range of growth stages, adds data from five additional
countries, and corrects some annotations from GWHD2020 while removing low-quality
images. Furthermore, unlike GWHD2020, which combined images of multiple growth
stages from the same location into a single sub-dataset, GWHD2021 adopts a finer-grained
classification standard: images from the same experimental unit, the same acquisition ses-
sion, and the same vector and sensor are treated as a single sub-dataset. Consequently, the
11 sub-datasets from GWHD2020 have been subdivided into 20 sub-datasets in GWHD2021,
with 27 new sub-datasets added, bringing the total to 47 sub-datasets.

In terms of data scale, GWHD2021 consists of a total of 6515 images (including three
duplicates; 6512 after deduplication). The official split includes a training set of 3657 images
(3655 after deduplication), a validation set of 1476 images, and a test set of 1382 images (1381
after deduplication). More importantly, the official GWHD2021 split we adopt exhibits
a pronounced cross-domain gap: the validation set consists entirely of GWHD2020 data,
the training set is primarily GWHD2020 with only a small amount of new data, and the
test set consists entirely of new data, with images from the United States, Mexico, and
Sudan appearing only in the test set. This produces substantial distribution differences, so
that models performing well on the training and validation sets can degrade markedly on
the test set, making this split well suited to our cross-distribution study. We note that the
dataset providers additionally define a separate GlobalWheat-WILDS split recommended
specifically for distribution-shift studies [31]; evaluating our modifications under that
protocol is left to future work.

In addition, we also evaluate the model’s performance under the same distribution
to characterize its overall detection capabilities. To maintain dataset integrity, we do not
exclude any samples. Instead, we perform a random split on the complete, deduplicated
dataset (6512 images) using proportions similar to the official split: a training set of 3656 im-
ages, and validation and test sets of 1428 images each (the sizes of the validation and test
sets are taken as the average of the official validation and test set sizes). To standardize the
evaluation data, the random split was generated using a fixed random seed.

In terms of implementation details, we based our work on the official YOLOv13 code,
which we modified. YOLOv13 offers model sizes such as Nano, Small, Large, and Extra-
Large. Balancing accuracy and computational complexity, we selected YOLOv13-Small
(S) as the baseline for our experiments. Because our proposed channel gating and BN-free
modifications alter specific internal mechanisms rather than global network capacity ad-
justments, exploring their transferability to other YOLOv13 variants (e.g., Nano or Large)
represents an important theoretical direction, which we leave to future work for empirical
confirmation. The training strategy aligns with the official default settings: 600 epochs of
training (with early stopping if no improvement is observed for 100 consecutive epochs),
using SGD as the optimizer with an initial learning rate of 0.01 and linear decay, along with
a linear warm-up during the first three epochs. Data augmentation also follows the official
approach, utilizing Mosaic and MixUp. The only difference lies in the input resolution:
YOLOv13’s default input for COCO is 640 × 640, whereas wheat ears are mostly small
objects. To minimize information loss caused by scaling and better align with the data char-
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acteristics, this paper uniformly adopts the original resolution of GWHD2021 (1024 × 1024)
as the input, applying this setting to both the baseline and all improved versions.

Because the cross-distribution improvements under study are small relative to run-
to-run training variability, we do not rely on a single training run. Instead, the main
configurations are evaluated over an initial set of three consecutive training runs with
independent random initializations, and we report the mean ± standard deviation over the
three runs. The in-distribution comparison, by contrast, uses the single fixed-seed random
split described above and is reported from a single run. This asymmetry is intentional: the
in-distribution test serves merely as a sanity check to verify that our lightweight modifica-
tions do not degrade the model’s fundamental fitting capacity, allowing us to allocate our
primary computational resources to the more variance-sensitive cross-distribution evalua-
tions. Furthermore, intermediate epoch-by-epoch training logs were not archived, restricting
our evaluation to final test-time performance without explicit convergence diagnostics.

In terms of hardware, we use a single NVIDIA GPU (RTX 5090) for training on
a cloud computing platform. Since the model modifications are minor, they introduce
mathematically minimal parameter changes, maintaining identical FLOPs and per-epoch
computational costs across all model versions.

3.2. Main Results Under In-Distribution and Out-of-Distribution Conditions

We first compare the performance differences in the baseline model under in-
distribution and out-of-distribution settings, as shown in Table 1. Under in-distribution
random splitting, the model achieves high accuracy on both the validation and test sets (ex-
ceeding 93% in mAP@0.5), indicating that recent general-purpose object detection models
have already demonstrated strong practicability in in-distribution wheat head detection
tasks. However, under the official GWHD2021 split (cross-distribution), the model exhibits
a significant performance gap between the validation and test sets: the test set mAP@0.5
drops from 93.7% to 74.1%, and the mAP@0.75 shows an even more pronounced decline
(from 54.8% to 25.6%). These results indicate that cross-domain distribution differences un-
der the official split lead to a significant degradation in detection performance, suggesting
that cross-domain head detection still holds ample scope for further research.

Table 1. Performance comparison of the YOLOv13 baseline model under in-distribution (single run)
and out-of-distribution (3 runs) settings (%).

mAP@0.5 mAP@0.75 mAP@[0.5:0.95]

In-Distribution
Validation set 93.6 60.0 56.3

Test set 93.3 59.7 56.2

Official Split
(Out-of-Distribution)

Validation set 93.7 ± 0.4 54.8 ± 2.5 53.2 ± 1.1

Test set 74.1 ± 1.6 25.6 ± 1.7 33.9 ± 1.2

We then evaluated the performance of the two types of lightweight modifications and
their combinations on the official cross-distribution test set, as shown in Table 2. Here,
“Channel Gating” refers to replacing all scalar gating in Full-PAD with channel-level gating;
“Identity” refers to removing the BN in the C3AH branches of HyperACE; and “Channel
Gating + Identity” refers to adopting both modifications simultaneously. To strictly control
variables, both channel gating and scalar gating use gate parameters initialized to 0, making
the model rely more on the backbone–neck–head main path during the early training phase
while ensuring consistent initial norms for both gating methods. Table 2 reports each
configuration as the mean ± standard deviation over three independent runs. Channel
gating yields a preliminary performance gain on the cross-distribution test set, raising the
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mean mAP@0.5 by 2.7 points and mAP@0.75 by 3.5. BN removal (Identity), by contrast,
produces only a small mean increase (mAP@0.5 + 0.7) relative to the run-to-run variance,
so we do not treat it as a reliable standalone gain. Combining the two does not yield
further additive improvements compared to channel gating alone (75.7 vs. 76.8 mAP@0.5),
indicating an interaction effect. We provide exploratory statistics and an interpretation of
this non-additive behavior in the discussion (Section 4). Furthermore, given the presence of
run-to-run variance, larger-scale experiments will be necessary in future work to rigorously
verify these preliminary trends.

Table 2. Performance comparison of the baseline model and improved versions on the official
cross-distribution test set (%).

Model mAP@0.5 mAP@0.75 mAP@[0.5:0.95]

YOLOv13 74.1 ± 1.6 25.6 ± 1.7 33.9 ± 1.2
Channel Gating 76.8 ± 0.5 29.1 ± 0.4 36.4 ± 0.3

Identity 74.8 ± 2.1 26.4 ± 1.4 34.6 ± 1.3
Channel Gating + Identity 75.7 ± 0.5 26.9 ± 1.4 35.0 ± 0.7

Finally, to verify that the modifications do not compromise detection performance
under the same distribution, we present the results for each version on a dataset randomly
split under the same distribution (Table 3). As can be seen, the differences between
versions are minimal, indicating that the modifications in this paper primarily improve
robustness under cross-distribution conditions without significantly altering the upper-
bound performance under the same distribution.

Table 3. Performance comparison of the baseline model and improved versions on the in-distribution
test set (%).

Model mAP@0.5 mAP@0.75 mAP@[0.5:0.95]

YOLOv13 93.3 59.7 56.2
Channel Gating 93.5 59.8 56.4

Identity 93.5 59.5 56.3
Channel Gating + Identity 93.4 59.6 56.2

3.3. Sources of Gains from Channel-Level Gating

In Section 2.2, we noted that the cross-distribution gains from channel-level gating
may stem from two sources: (1) fine-grained branch injection control enabled by channel
decoupling; and (2) an enhanced implicit weight penalization effect resulting from the
increased dimensionality of channel gate parameters. To exploratorily distinguish between
these two mechanisms, we further designed two sets of comparative experiments:

Channel decoupling only: Channel gating is employed, but the weight decay coef-
ficients of the gating parameters are scaled by the number of channels so that the total
weight penalty scale roughly aligns with scalar gating.

Weight penalty enhancement only: Scalar gating is retained, but its weight decay
coefficients are amplified by the number of channels so that the total weight penalty scale
roughly aligns with channel gating.

The results are shown in Table 4. (For the baseline and channel-gating configurations,
the values are the median of the three runs in Table 2; the two ablation variants were each
trained once. Consequently, Table 4 serves merely to qualitatively explore potential trends.)
Performance improves when moving from scalar gating to “scalar gating + enhanced
weight penalty”; introducing channel gating on top of this (which combines channel
decoupling with implicit regularization) yields even better performance. Conversely, when
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channel decoupling was introduced alone while realigning the weight penalty to the scalar
gate strength, model performance (75.1%) fell back into the noise margin of the baseline
(75.0%). This preliminarily suggests that the benefit of channel decoupling is contingent on
the accompanying increase in regularization rather than arising independently.

Table 4. Ablation comparison of channel gating mechanism (official cross-distribution test set, %).

Model mAP@0.5 mAP@0.75 mAP@[0.5:0.95]

Scalar Gating (i.e., YOLOv13) 75.0 26.1 34.4

Channel Gating 76.9 29.3 36.6

Channel Gating (weight penalty
divided by the number of channels) 75.1 25.1 34.1

Scalar Gating (weight penalty
multiplied by the number of channels) 75.7 28.3 35.7

3.4. Visual Analysis

To provide a more intuitive understanding of the typical error types observed in
the baseline model and to illustrate where our modifications take effect, we purposively
selected several representative examples from the official GWHD2021 test set where vi-
sual improvements were most pronounced. As explicitly noted, these visual results only
illustrate qualitative tendencies in these specific scenarios; they supplement rather than
establish the quantitative conclusions. Figure 4 presents the comparison results under
identical inference settings (imgsz = 1024, conf = 0.25, NMS IOU = 0.7). Each column in the
figure corresponds to a single example, listed from top to bottom as follows: (a) original
image, (b) manual annotations (Ground Truth), (c) predictions from the baseline YOLOv13s
model, (d) predictions from the channel-gated model, and (e) predictions from the Identity
(BN-free) model.

    
(a) 

    
(b) 

Figure 4. Cont.
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(c) 

    
(d) 

    
(e) 

Figure 4. Visual comparison of examples from the official GWHD2021 cross-distribution test set
(imgsz = 1024, conf = 0.25, NMS IOU = 0.7). Each column represents a single instance; from top
to bottom: (a) original image, (b) Ground Truth, (c) YOLOv13s, (d) Channel Gating, (e) Identity
(removing BN).

Example 1 (first column, complex background/similar texture scenario): The baseline
model tends to misclassify objects in the background, such as pipes and leaves, as wheat
heads; the Identity version reduces some background misclassifications in this example,
while channel gating further suppresses additional background misclassifications and
improves detection of obscured or blurred heads in the top-left corner.

Example 2 (second column, highly blurred and edge-truncated scenario): The image
is generally blurred, and only partial edges of some heads are visible; the baseline model
misses many instances; both improved models successfully detected some of the missed
objects in this example, but they still struggled with areas of severe overlap and occlusion.

Example 3 (third column, overlapping scenario): The image is relatively clear, but some
heads of wheat overlap, resulting in insufficient detection by the baseline model; the im-
proved models achieved more complete detection of the overlapping areas, demonstrating
a certain degree of enhanced robustness in this example.

Example 4 (fourth column, challenging background and high-brightness interference
scenario): The baseline model produces false positives for high-brightness soil clumps and
exhibits low overall recall; both the channel gating and Identity versions reduce some false
positives in the high-brightness background in this example and detect more heads.

4. Discussion
To further explore why the combination of channel-level gating and BN-free (Identity)

does not yield additive gains, we analyzed the cross-sample variability of HyperACE’s
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output features on the official test set, as well as the branch injection intensity at each
injection point of FullPAD. Note that extracting these post hoc diagnostic statistics across
the test set requires loading the saved final model weights. Because we did not archive the
weights for all repeated runs, these statistics are calculated using a single representative
run (the median run) for each configuration. To contextualize these metrics and prevent
confusion with the mean values in Table 2, the specific mAP@0.5 scores for these median
runs are Baseline (75.0%), Identity (75.4%), Channel Gating (76.9%), and Combined (75.6%).
For HyperACE’s output H, we first calculated the mean value of each image in channel c:

mi,c =
1

HW ∑
h,w

∣∣Hi,c,h,w
∣∣ (11)

Accordingly, the inter-sample coefficient of variation for channel c is defined as

CVc =
Stdi(mi,c)

Meani(mi,c) + ϵ
(12)

Finally, by taking the average across the channel dimension, we obtain

CVchannel = Meanc(CVc) (13)

This is used to characterize the relative level of fluctuation in the HyperACE output
across the channel dimension. On the other hand, to quantify the injection strength of the
enhanced branch in Full-PAD, we define the injection ratio:

ρ = E
[
∥gate ⊙ H∥1
∥H∥1 + ϵ

]
(14)

Specifically, we calculate the average of the ratio of the first-order norms of the feature
maps before and after gating for each sample (where the gate is either a scalar gate or a
channel-level gate).

Table 5 presents the statistical results for the CVchannel values across different models.
Compared to the baseline YOLOv13 (0.30), both removing BN (0.32) and channel-level
gating (0.34) increase the channel-level volatility of HyperACE’s output; when the two are
combined, the volatility further increases, reaching the maximum value among the four
settings (0.37). These results are consistent with an interaction between BN removal and
channel-level gating at the channel level: the combined setting shows the largest channel-
level fluctuation, introducing higher uncertainty into the subsequent Full-PAD fusion.

Table 5. Channel fluctuation in HyperACE output feature maps across different models.

Model CV_Channel_Mean

YOLOv13 0.30
Identity 0.32 (+0.02)

Channel Gating 0.34 (+0.04)
Identity + Channel Gating 0.37 (+0.07)

Table 6 further illustrates the injection ratios ρ at each injection point for FullPAD.
It can be observed that channel gating substantially reduces the branch injection ratios
at all injection points, with a decrease of up to roughly an order of magnitude at high-
injection points such as P1 and P3, while the overall average injection ratio decreases by
approximately 4–5 times (from 0.25–0.26 to about 0.046–0.057). This indicates that channel-
level gating tends to impose stronger injection constraints on the enhancement branch after
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decoupling the channels. At the same time, within the same gating type (scalar gating or
channel gating), the effect of removing BN on ρ at most injection points is relatively limited;
however, the differences exhibit a certain degree of injection-point specificity, with more
pronounced changes potentially occurring at individual injection points.

Table 6. FullPAD branch injection ratios for different models (P1–P7 represent the seven fusion
injection points in the order of the network’s forward inference).

Model P1 P2 P3 P4 P5 P6 P7 Mean

YOLOv13 0.6035 0.4529 0.3608 0.0210 0.2993 0.0048 0.0065 0.2498
Identity 0.3667 0.4380 0.5190 0.0960 0.2903 0.0999 0.0167 0.2609

Channel Gating 0.0481 0.1409 0.0352 0.0131 0.1408 0.0199 0.0002 0.0569
Identity + Channel Gating 0.0384 0.1034 0.0287 0.0099 0.1282 0.0127 0.0003 0.0459

Combined with the exploratory gating ablation in Section 3.3 (where channel gating
fails to demonstrate gains when the regularization penalty is aligned with the scalar gate
strength, but performance partially recovers upon increasing the gating-related regular-
ization penalty), we preliminarily hypothesize that the generalization benefits of channel
gating depend on sufficiently strong regularization constraints to suppress the channel-level
instability it introduces; when combined with Identity, channel fluctuations in the enhanced
branches further increase, and the original regularization strength may be insufficient to
stabilize both sources of fluctuation simultaneously, resulting in the combination failing
to yield additive benefits. It is important to note that channel gating and Identity may
introduce different types of statistical variations, and a single regularization term may not
be able to suppress both simultaneously. Future work could systematically investigate the
relationship between different regularization methods and different types of fluctuations
without altering the main architecture, and explore stronger gating regularization or more
suitable no-batch statistical stabilization techniques (e.g., applying magnitude constraints
to HyperACE outputs or imposing structured sparsity on gating parameters) to verify
whether both sources of fluctuation can be suppressed simultaneously.

5. Conclusions
To address the issue of generalization performance degradation in cross-distribution

wheat head detection, this paper establishes an out-of-distribution (OOD) evaluation setup
based on the official cross-distribution split of the GWHD2021 dataset. Using the advanced
real-time object detection model YOLOv13 as a baseline, we propose two lightweight
modifications while minimizing changes to the architecture and training workflow.

First, we replace the scalar gating in FullPAD with channel-level gating, achieving
a preliminary performance gain in OOD testing. Exploratory ablation results suggest
that these gains stem from both the finer-grained injection control enabled by channel
decoupling and variations in the strength of gating-related regularization (weight decay);
second, we remove the Batch Normalization (BN) layer from the key blocks of HyperACE
(replacing it with an identity map) and compare it with batch-free statistics strategies such
as IN/GN (Appendix A). Removing BN yields only a small mean increase relative to the
run-to-run variance, so we do not treat it as a reliable standalone improvement. Addi-
tionally, we find that the combination of channel-level gating and removing BN does not
yield additive gains. Exploratory statistical analysis of fluctuations in HyperACE output
channels and injection ratios at various injection points in FullPAD reveals that both types
of modifications increase the relative channel-level fluctuations in the enhanced branch,
with the greatest fluctuations observed when combined. Meanwhile, channel-level gating
substantially reduces injection intensity at each injection point. Building on our preliminary
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hypothesis that the benefits of channel-level gating rely on stronger regularization con-
straints, we speculate that under combined settings, the current regularization strength and
form might be insufficient to simultaneously stabilize fluctuations from different sources,
thereby limiting overall gains.

Overall, using the official cross-distribution split of GWHD2021—which itself spans
many regions, years, and acquisition platforms—this paper presents two low-cost, easily
implemented modifications and analyzes their interaction. Notably, channel-level gating
demonstrates a preliminary performance gain in cross-distribution robustness for wheat
head detection. The evaluation is nonetheless limited to a single detector size (YOLOv13-S)
and to the official Challenge split rather than the GlobalWheat-WILDS protocol, so transfer
to other detectors, to the WILDS protocol, and to larger models remains future work. Within
this scope, the results are relevant to applications such as high-throughput phenotyping,
breeding evaluation, and yield estimation.
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Appendix A
As an exploratory complement to the main analysis, we examined other batch-

independent normalizations in the C3AH blocks. We replaced BN with Instance Nor-
malization (IN) and Group Normalization (GN, with eight and one groups). The key
difference among these approaches lies in their statistical scope: IN performs statistics on a
single channel of a single sample, GN (g = 8) performs statistics across channels within a
group, and GN (g = 1) performs statistics across all channels of a single sample. In Table A1,
the YOLOv13 baseline and the Identity variant are the median of the three runs reported in
Table 2, whereas IN and GN were each trained once. Given the single-run nature of the IN
and GN experiments, and considering the substantial run-to-run variance observed in the
main text, we cannot treat these point estimates as a reliable ranking. We report them only
to indicate that none of the batch-independent alternatives we tried produced a clearly
larger gain than removing BN, which is why the main text focuses on the Identity variant.

Table A1. Performance comparison of different BN replacement strategies (official cross-distribution
test set, %).

Model mAP@0.5 mAP@0.75 mAP@[0.5:0.95]

YOLOv13 75.0 26.1 34.4
Identity 75.4 27.4 35.2

IN 75.5 28.1 35.7
GN (g = 8) 74.6 26.0 34.2
GN (g = 1) 75.4 27.5 35.2
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