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ABSTRACT
AI-assisted agriculture helps in obtaining accurate data about a
worldwide staple food – wheat. It is vital to estimate the density
and size of the wheat head (spike on top of the plant with the grain)
from images or manual survey. Such estimates help to make in-
formed decisions related to the health and maturity of the wheat
plants. Computer vision has been employed recently to detect wheat
heads. It is a challenging task as wheat heads are small and vary in
color depending on their growth phase. Also, there is significant
variance among the images due to field conditions and planting
patterns. This paper presents a data-driven approach to reduce
variance among wheat head images to improve detection results.
We use preprocessing steps to standardize the color histogram of
images and train a YOLOv5model to detect the wheat heads.We use
histogram matching to make a color histogram of every image con-
sistent with the global average color histogram of the training set.
This is followed by contrast limited adaptive histogram equalization
(CLAHE) to improve the contrast on a local scale and improve the
visibility of the wheat heads. With 0.715 Average Domain Accuracy
(ADA), our approach achieves state-of-the-art (SOTA) results, out-
performing the existing SOTA (0.700 ADA) approach by 1.5% while
requiring almost 5x fewer training computation steps.
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1 INTRODUCTION
Due to the recent advancements in the field of computer vision(CV)
and artificial intelligence(AI), tasks like classification [15, 21, 31,
37, 39], semantic segmentation [4, 12, 35] and object detection
[2, 11, 27] are becoming increasingly efficient and accurate. It has
led to the automation of laborious and monotonous tasks. This has
benefited agriculture, which is now rapidly changing due to the
infusion of AI and CV in traditional farming methods. Also, due
to proliferation of Internet of Things(IoT) devices, agriculture data
[5, 14, 17, 20, 22, 28] is now available on a large scale, facilitating
data driven AI.

Recently, automated detection of wheat heads has been of partic-
ular interest in the research community as wheat is one of the most
planted food grains in the world. It is consumed universally due to
its rich nutritional value, including protein and fiber. The United
Nations Food and Agriculture Organization(FAO) estimated the
global wheat production to be around 765.76 million tons in 2019
[9]. It highlights the importance of wheat production in the global
food supply chain. Thus, it is crucial to identify growth and predict
wheat yield to ensure abundant production. Wheat head counting
is an essential factor in determining the yield of the wheat crop.
However, traditional methods rely on manual labor to count the
wheat heads. Such methods are expensive, time consuming, prone
to error and extremely inefficient in the modern high volume pro-
duction scenario. According to an estimate by [29], manual wheat
head counting has about 10 % error rate.

Recent deep neural network-based object detection methods can
be used to detect wheat heads. Thesemethods do not requiremanual
feature generation. They can generate highly generalized detection
models, which can count the wheat heads in a fraction of the time
compared to manual counting. The solution presented in [44] used
a custom implementation of the YOLOv4 [2] object detection model
and trained on the Global Wheat Challenge(GWC) 2020 dataset
[7] to achieve a mAP of 94.0%. Gong et al. [13] introduces Spatial
Pyramid Pooling at the head and tail in the backbone of YOLOv4 [2]
and achieve a mAP of 94.5% as compared to standard YOLOv4 with
91.4%. Li et al. [24] used RetinaNet [26] and transfer learning along
with image enhancement techniques to detect wheat heads and also
provided a comparison with a Faster-RCNN [34] based approach.
Wang et al. [42] proposed an EfficientDet [40] and a BiFPN based
approach to address occlusion robust wheat head detection. Misra
et al.[30] use a UNet style segmentation-based approach to identify
wheat heads followed by patch cleaning and counting which is
provided as online service to count wheat heads. Fourati et al. [10]
focus on a semi-supervised learning (pseudo-labeling), test time
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augmentations and post processing applied over ensemble of Faster-
RCNN models (multiple resolutions). Lightweight models for real-
time wheat head detection from UAV images have been proposed
in [16, 19, 45], whereas Khakhi et al. [19] used the MobileNetv2
[36] model as backbone.

Even though the deep learning-based approaches for detecting
wheat heads provide good results, they are far from being perfect.
The primary issue faced by such approaches irrespective of the
model is the lack of abundant and varied data. The wheat heads
can vary in color, size, and shape depending on the growth phase.
Factors like soil, time of day, wind also contribute to variance in
the data. Detection of wheat heads in such varied conditions is
challenging and requires a robust approach to address domain
variance. Apart from this, it needs a balance between efficiency and
detection accuracy.

This paper uses YOLOv5 [18], an existing SOTA method in ob-
ject detection. It proposes a preprocessing step to reduce domain
variance among the images. Instead of a new model, we present the
impact of data preprocessing in challenging multi-domain data. Our
approach achieves SOTA accuracy on the GWC 2021 dataset [8].
We present a comparison with the winners of GWC 2021, and the
computational efficiency of our approach is compared with other
models. The proposed approach uses YOLOv5 to quickly detect
wheat heads and tackle domain variance. The following sections
discuss the dataset, methods, and results of our study.

2 DATASET
2.1 Preliminaries
The GWHD 2021 [8] dataset we use in this study is an extension of
GWHD 2020 [7] dataset, which had 193,634 wheat heads labeled
in 4,793 images from seven countries. The updated GWHD 2021
dataset improves upon the previous dataset by reexamining and
correcting labels and adding 1,722 images from five more countries,
and 81,553 wheat heads. The GWHD 2021 dataset used in this study
contains 6,515 images each with dimensions of 1024 x 1024 and
2,75,187 unique labeled wheat heads. The images are captured in
individual sessions (domain), with a total of 47 sessions. A domain
is a set of images acquired at the same location, during a coher-
ent timestamp (usually a few hours), with a specific sensor, and
corresponds to a particular development stage. Figure 1A repre-
sents the distribution of images across the 47 domains. The wheat
can be from any of the four development stages in a particular
session, namely: Post-flowering, Filling, Filling-Ripening, Ripening.
The distribution of images in the development stages is given in
Figure 1B. The variation between the different development stages
is also shown in the example images.

The training dataset contains 3,655 images from 18 domains
which are acquired from Europe and Canada. The test set contains
2,856 images from 29 domains acquired fromNorth America (except
Canada), Asia, Oceania, and Africa. The dataset is imbalanced, with
images per session ranging from a minimum of 14 to a maximum
of 747.

2.2 Challenges with the Dataset
Detection of wheat heads is a challenging task. Following are the
factors which contribute to the difficulty in wheat head detection.

• A large number of objects are in the frame.
• Overlapping wheat heads.
• Variations in appearance based on genotype.
• Orientation of wheat heads.
• Different development stage of the wheat.

Unlike traditional object detection tasks, where only a few objects
are present in an image, there are hundreds of wheat heads per
image. The density of wheat heads also poses another challenge
where wheat heads partially or fully overlap other wheat heads. The
genotype of wheat determines the appearance of wheat heads and
can vary based on the country of origin. The orientation of wheat
heads is also a significant challenge since wheat heads cannot be
easily identified if facing vertically up or down. The wheat heads
are generally well visualized from the side-profile. The development
stage of wheat determines the color and appearance of wheat heads,
ranging from green to yellow. The average histogram of Red-Green-
Blue(RGB) colors can be visualized in Figure 2. The histogram
corresponding to the training and test sets without preprocessing
is presented in Figure 2A. It can be seen that the average color
histogram of the test set is different from the training set.

3 PROPOSED METHOD
3.1 Domain Variance Reduction
The most differentiating factors in images from different domains
are color variations due to different genotypes, development stages,
sensor type, time of the day, or imaging conditions. This variation
results in wheat heads and surrounding leaves being different in
color across domains, as shown in Figure 1B.

In order to reduce domain variance, we introduce two-step pre-
processing. As the first step of preprocessing, we perform histogram
matching [3] on all the training and test images. We calculate the
global average histogram of the training set (Figure 2) and match
the histogram of each images to the global average and blend the
resultant image with the original image in a 0.5:0.5 ratio. This step
reduces the variation in color hues among the domains. This step
is followed by CLAHE [32] with a clip_limit of 1.5. CLAHE is an
adaptive algorithm and takes local information into account while
equalizing the histogram. Thus, it produces a more realistic ver-
sion of contrast enhancement when compared to normal histogram
equalization which uses the global context of the image. The sec-
ond step ensures sufficient contrast between wheat heads and the
rest of the image and enhances the visibility of the wheat heads.
Figure 2B shows the results of the preprocessing step on the av-
erage color histogram of training and test sets. As observed, the
histogram distribution of the training and test set is consistent after
the preprocessing step.

Since we are using a semi-supervised training approach along
with augmentation which introduces variation in color, it is impor-
tant to make the actual training data and pseudo labeled test data
have a similar underlying visual style. It prevents unrealistic outlier
images after the image augmentation steps. In order to present
the quantitative analysis of the preprocessing step, we present the
mean and standard deviation of average values RGB colors across
the entire training and test set before and after the preprocessing
step in Table 1. The variation in the average value of RGB color
across images is reduced which is confirmed by lowering of the
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Figure 1: (A: Top) The distribution of Global Wheat Head Detection(GWHD) [6] images with the 47 domains. (B: Bottom-left)
Distribution of images for the growth stages. (B: Bottom-right) Example images from (left to right) Post-Flowering, Filling,
Filling-Ripening and Ripening stages

Figure 2: The global average color histogram for training
(left) and test (right) set before (A: Top) and after (B: Bottom)
the preprocessing step.

standard deviation of average color values after the preprocessing
step. The resultant images after the preprocessing step are pre-
sented in Figure 3. As it can be seen, the visibility of the wheat
heads is increased after the preprocessing step.

3.2 Augmentations
The data is limited considering 6000 images and factoring in the
variation across domains. As shown in Figure 1, some domains are
marginally represented and are prone to underfitting. In order to
improve the representation and introduce geometrical variations,

Figure 3: Example images before (Top) and after (Bottom)
the preprocessing step.

Table 1: Mean and Standard Deviation (SD) of average color
values across traning and test set. (NI: Normal Image, PI: Pre-
processed Image).

Red Green Blue
Mean SD Mean SD Mean SD

Train NI 82.91 32.87 82.18 26.39 54.19 17.54
PI 98.82 20.62 98.31 15.80 70.52 10.89

Test NI 109.43 26.22 104.28 20.82 64.26 21.20
PI 111.03 18.19 108.46 13.55 74.56 11.73
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Table 2: List of augmentations used to train the model with
their hyperparameters.

Augmentation Hyperparameter Value
Rotate 0.15 (angle)
Translate 0.1 (fraction of image size)
Shear 0.1 (angle)
Scale 0.9 (fraction of image size)
Flip (horizontal/vertical) 0.5 (probability)
Mosaic 1 (probability)
HSV H: 0.015, S: 0.7, V: 0.4

we use data augmentation. Data augmentation and the operating
hyperparameters are presented in Table 2.

Geometric transforms like rotate, translate, shear, scale, and flip
introduce more variations in the shape, size, and orientation of the
wheat heads. Mosaic [43] uses the collage of multiple images to
introduce color variations in images and thus helps the model be
robust across different domains. The HSV augmentation on prepro-
cessed images is valuable as the underlying images have a similar
distribution. Thus, the application of such augmentation does not
create an unrealistic image. Mosaic is a novel data augmentation
technique that uses multiple images to create a collage used to train
the model instead of a single image. This data augmentation intro-
duces high variation in a single image, making the model robust
to change in the domain. All the augmentation is provided by the
YOLOv5 model library [18].

3.3 Object Detection Models
YOLOv5: In this approach, we use the YOLOv5 architecture [18]
with the yolov5x6 configuration for training on high resolution
1024x1024 images. The backbone is based on CSPDarknet, which in-
corporates Cross Stage Partial Network (CSPNet) [41] into Darknet
[33]. The CSPnet helps reduce parameters and increases inference
speed as compared to similar large-scale deep learning backbones.
The neck of YOLOv5 is Pyramid Attention Network (PANet) [23]
which follows the Feature Pyramid Network (FPN) [25] style of
structure which helps in the propagation of low-level features.
When combined with adaptive feature pooling, it introduces atten-
tion. It identifies helpful information in the feature layers to ensure
the flow of essential features from low-level feature maps to high-
level feature maps. Finally, the head of YOLOv5 consists of four
convolution layers that detect objects of four different sizes. The
size of wheat heads varies from very small to very large, depend-
ing on the mode of the image. Thus multi scale object detection
ensures wheat heads are detected irrespective of the relative size
in an image.

Reference Model (FasterRCNN): To validate the applicability of
our preprocessing step, we also use the reference model provided
by GWC 2021 [8] for comparison. It is a FasterRCNN [34] based
object detection model with a Resnet50 [15] backbone. It has the
same parameters as described in GWHD 2020 paper [7]. This model
is a two-stage object detection model. But, despite having 1/3rd of
trainable parameter as compared to YOLOv5, training the model
takes nearly 4x time.

Figure 4: Overview of training routine.

3.4 Training
In Figure 4, we present the training routine used to train the YOLOv5
model. We train the model in two steps: 1) Fully supervised and 2)
Semi supervised using pseudo labels. We train our model to training
set for 30 epochs. The trained model predicts labels for the test set
and generates a pseudo label dataset for semi-supervised training.
The combined (training and pseudo labeled) test set are used to train
the model for another ten epochs. The model trained on the pseudo
labeled data predicts the final output on the test set. The model
is trained using an Stochastic Gradient Descent(SGD) optimizer
with an initial learning rate of 0.01 and Binary Cross Entropy Loss
(BCELoss) for object classification. The Intersection over Union
(IoU) value 0.2 is used during training. All the experiments are
performed on a Google Colab environment with 24 GB RAM and
16 GB vRAM Nvidia P100 GPU.

For the reference model, we follow similar training routine. How-
ever, we use the hyperparameter configuration provided by the
GWHD 2020 paper [7] and as recommended train the model for
one epoch each during supervised and semi-supervised training.

4 RESULTS
The models are trained and tested on only GWHD 2021 [8]. The
testing of the models has been performed on the official evaluation
platform [1], thus ensuring fair and one-to-one comparison with-
out any evaluation algorithm bias. We present the metric used to
quantify the performance, comparison with the existing SOTA so-
lutions, ablation on the use of preprocessing step, and the efficiency
comparison among approaches.

4.1 Metrics
The metrics defined by GWC 2021 [8] for evaluation of predicted
bounding boxes is ADA. Accuracy for each image is calculated as:

𝐴𝐼 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
(1)
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Table 3: Ablation on preprocessing step. (ADA: Average do-
main accuracy, NI: Normal Image, PI: Preprocessed Image)

Trained on PI Trained on NI
Test PI Test NI Test PI Test NI

Proposed (ADA) 0.709 0.715 0.683 0.698

where: TP is True Positive when a ground truth bounding box is
matched with any one predicted box. FP is False Positive when a
predicted bounding box does not match any ground truth box. FN
is False Negative when a ground truth bounding box matches no
predicted box. Bounding box matching: Two boxes (ground truth
and predicted) are considered matched if their Intersection over
Union is higher than a threshold of 0.5.

Average Domain Accuracy: The GWC 2020 identified issues with
the global average metric. It enabled domains with higher image
count to dominate the average result and thus is not representative
of the domain level results. In order to address this, GWC 2021
proposed ADA as the metric for evaluation. ADA ensures that
results from each domain are given equal weightage and are not
overwhelmed by an over performing domain. The average domain
accuracy for final evaluation is calculated as follows:

𝐴𝐷𝐴 =
1
𝐷

𝐷∑
𝑑=1

1
𝑛𝑑

×
𝑛𝑑∑
𝑖=1

𝐴𝐼𝑑𝑖 (2)

Where D represents the total number of domains (47 in GWHD
2021), nd represents the number of images belonging to domain d,
direpresents the ith image in the domain d and AI represents the
accuracy for an image.

Special cases: In cases where there is no bounding box in the
ground truth, and at least one box is predicted, accuracy is equal to
0. If there is no bounding box in both ground truth and prediction,
then accuracy is equal to 1.

4.2 Ablation on Preprocessing Step
We perform ablation by training the model on preprocessed im-
ages(PI) and normal images(NI). The trained models are then tested
using PI(s) and NI(s), and the results are presented in Table 3. The
model trained on PI(s) consistently outperforms the model trained
on NI(s). We also perform similar ablation on the reference model
to verify the trend in results. It is evident from Table 3 that the
model trained using the proposed preprocessing step gives better
results when tested on NI(s). The test set contains a higher number
of filling-ripening and ripening images where the wheat heads are
highly pronounced. The performance improves due to the improved
color representation and appearance of wheat heads in the PI test
set.

4.3 Comparison with State-of-the-Art
We compare our model with the existing SOTA solutions for GWC
2021 [8]. Table 4 shows a comparison of our model with the win-
ners of GWC 2021. Our model with 0.715 ADA achieves nearly
1.5% improvement over the winning solution with 0.700 ADA. We
also provide results of the reference solution presented in [7]. The
reference solution uses a relatively simple model(Faster-RCNN)

Table 4: Comparison with top ranking methods of GWC
2021 [8].

Solution ADA
Proposed approach 0.715
1st rank 0.700
2nd rank 0.695
3rd rank 0.695
Reference or Baseline 0.492

Table 5: Comparison of efficiency metrics with top ranking
methods of GWC 2021 [8].

Approach #Models #Epochs TTA Post
Processing

Proposed
approach 1 40 No Non-max

suppression

1st rank 4
(Ensemble) 230 Yes Weighted

Box Fusion

2nd rank 1 600 Yes Weighted
Box Fusion

3rd rank 1 300 Yes None

without any ensemble approach, does not use any advanced data
augmentation techniques, or post processing and thus has a poor
performance (0.492 ADA).

4.4 Computational Efficiency
The computational efficiency of our approach is the crucial differ-
entiating factor over the existing approaches. Table 5 presents the
efficiency comparison metrics of our approach with the winners
of GWC 2021. The comparison takes into account the number of
models trained, number of epochs for training, use of test time aug-
mentation and post processing. Our approach uses a single model as
compared to the four model ensemble used by the 1st rank solution
of GWC 2021. Our model trains in fewer epochs, nearly 5x less than
the first and 14x less than the second-place solution. The third place
solution uses a custom Dynamic Color Transform Network (DCTN)
which is trained in conjunction with the object detection network.
The DCTN learns to improve the color of the image and applies it
during inference. Both top two winning solutions also use test time
augmentation (TTA) and Weighted box fusion [38] to improve the
prediction results. Adding TTA increases inference time by nearly
2x to 3x. Our proposed approach does not use TTA or Weighted
box fusion which are computationally expensive. The proposed
approach only uses Non-max suppression as a post-processing step
and yet achieves SOTA results.

In Figure 5, we present the two sets of results, for correct detec-
tion and the cases with detection failure. Figure 5A presents cases
where the model correctly estimates the bounding boxes of all the
wheat heads. Figure 5B shows the failure cases where the model
incorrectly predicts the bounding box with no wheat heads present.
Specifically, the center image in Figure 5B presents a case where
non-max suppression fails to remove overlapping bounding boxes.
The false-positive prediction was mainly observed in cases like the
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Figure 5: (A: Top) The cases of correct bounding box pre-
diction. (B: Bottom) The cases of false positive or incorrect
bounding box predictions.

first image in Figure 5B. Sunlight projects bright patches on the
ground, similar to wheat heads causing false detection.

5 CONCLUSION
In this paper, we have presented a data-driven approach to wheat
head detection in a multi-domain scenario. We use the YOLOv5
model forwheat head detection and train it using the semi-supervised
(pseudo label) approach. The main highlight of this paper is the
proposed preprocessing step to reduce domain variance among the
images. It makes the color histogram consistent with the global aver-
age value, thereby reducing the disparity between over-represented
and under-represented domains. Our proposed approach achieves
SOTA results. We also present the validity of the proposed prepro-
cessing step by performing ablation against the model trained on
normal images without any preprocessing. We also provide a com-
putational efficiency comparison of our approach with the existing
SOTA approaches. Our proposed approach without any ensemble
approach, test time augmentation, and expensive post-processing
can predict accurate bounding boxes even when trained for limited
epochs. Thus, the proposed approach can improve the results of
models irrespective of their complexity and drive the adoption of
data-driven approaches.

A HEADINGS IN APPENDICES
The rules about hierarchical headings discussed above for the body
of the article are different in the appendices. In the appendix en-
vironment, the command section is used to indicate the start of
each Appendix, with alphabetic order designation (i.e., the first is
A, the second B, etc.) and a title (if you include one). So, if you need
hierarchical structure within an Appendix, start with subsection
as the highest level. Here is an outline of the body of this document
in Appendix-appropriate form:

A.1 Introduction
A.2 Dataset
A.2.1 Preliminaries.

A.2.2 Challenges with the Dataset.

A.3 Proposed Method
A.3.1 Domain Variance Reduction.

A.3.2 Augmentations.

A.3.3 Object Detection Models.

A.3.4 Training.

A.4 Results
A.4.1 Metrics.

A.4.2 Ablation on Preprocessing Step.

A.4.3 Comparison with State-of-the-Art.

A.4.4 Computational Efficiency.
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