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Abstract: Conservation tillage, a crucial method for protecting soil fertility, depends heavily on main-
taining adequate straw coverage. The current method of straw coverage detection relies primarily
on manual measurement, which is both time-consuming and laborious. This paper introduces a
novel straw coverage detection approach based on an improved mask regional convolutional neural
network (Mask R-CNN) algorithm. Several images of wheat straw-covered fields were taken, and the
dataset was augmented using techniques like image inversion, contrast enhancement, Gaussian noise
addition, and translation after cropping the original images. These fields use a crop rotation cycle of
wheat and corn. Subsequently, the straw images were annotated using the Labelme annotation tool to
obtain the available straw instance segmentation dataset. The Mask R-CNN algorithm was improved
by refining the mask generation network structure through a multi-feature fusion strategy, which
interweaves features from both the encoder and the mask generation network, enhancing the model’s
ability to capture detailed and shape information of the straw. Lastly, using the mask information
output by the improved Mask R-CNN algorithm, the straw coverage was calculated by counting the
proportion of pixels within each segmented region. In the results, compared to the original Mask
R-CNN algorithm, our improved Mask R-CNN algorithm achieved an average improvement of
7.8% in segmentation accuracy, indicating that the improved Mask R-CNN algorithm offers superior
segmentation performance. Thus, the new algorithm can achieve straw coverage detection with
higher accuracy and can provide a reference for other agricultural applications.

Keywords: straw coverage; Mask R-CNN; straw incorporation; deep learning

1. Introduction

Straw returning to the field offers numerous benefits for agricultural sustainability,
with improving soil fertility, moisture retention, erosion control, etc. [1]. However, the
effectiveness of straw returning depends on the straw coverage rate. China promotes con-
servation tillage to reduce environmental pollution caused by straw burning. Research [2]
indicates that among various types of crop residues, corn, rice, wheat, cotton, rapeseed,
peanuts, legumes, potatoes, sugarcane, and other crops account for 39.51%, 22.44%, 17.23%,
2.68%, 2.57%, 1.81%, 2.52%, 1.77%, 3.50%, and 5.82% of the total straw, respectively. With
the government increasingly intensifying the prohibition on burning, the amount of straw
being burned has decreased to 7.8%, which is significantly lower than the previously esti-
mated range of 17% to 22%. One of the key policies contributing to this reduction is the
provision of subsidies based on the rate of straw coverage.

An accurate and efficient straw coverage detection method is important for promoting
conservation farming. Traditional methods for assessing the straw coverage rate often involve
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manual measurements, such as the dot-grid method or the line intercept method [3,4]. While
relatively simple, these methods are time-consuming, subjective, and prone to human
error. One such method involves manually measuring straw coverage using a 2-meter rope
marked at 10-centimeter intervals. The rope is laid diagonally across the field, and the
number of marked points with straw is counted. The straw coverage rate is calculated by
dividing the number of marked points with straw by the total number of marked points.
Alternatively, in a designated field area, several ropes can be stretched horizontally and
vertically. The number of straw nodes at the intersections of the ropes is then counted
manually. Finally, the straw coverage rate is approximately calculated by dividing the
number of nodes with straw by the total number of intersections.

Satellite hyperspectral and unmanned aerial systems are costly and involve complex
data processing [5-7]. Therefore, with technological advancements, computer vision and
machine learning have been employed to detect straw coverage rates. Zhou et al. proposed
an algorithm for evaluating ground straw coverage under conservation tillage, employing
a ResNet18-U-Net segmentation model to detect straw coverage in low-altitude drone
images with a mean absolute deviation of 3.56% [8]. Riegler-Nurscher et al. proposed a
random decision forest to classify residue in soil [9]. An et al. proposed a method using
K-means clustering and zonal optimization, achieving accurate straw identification under
diverse environmental conditions with a mean deviation of 6.8% [4]. Liu et al. addressed
the limitations of threshold segmentation in complex scenes by developing DSRA-UNet,
a semantic segmentation algorithm with an MIOU of 80.05%, few training parameters,
and rapid execution [10]. Li et al. introduced a novel idea using time—frequency domain
transformation for rapid extraction of straw information, achieving an error rate of about
4.55% [11]. They designed an integrated decision model combining FFT and SVM for straw
recognition, achieving a 4.55% average recognition error; 0.05 s processing time per image;
and robustness against light, furrows, ruts, shadows, and clods. Su et al. carried out the
initial detection of complete straw coverage in small plots using an automatic threshold
algorithm [12]. Yang et al. proposed an image processing algorithm incorporating straw
image distortion correction and Otsu threshold segmentation, boasting a less than 5% actual
measurement error [13]. Ma Qin et al. constructed a UNet-based straw detection model
for scattered straw cover, diverse straw forms, and fine straw identification challenges [14].
Their model outperformed UNet with a 2.59% higher average intersection ratio and met
time complexity requirements.

Using drone RGB images and hyperspectral images to detect straw coverage is costly
and involves complex data processing, and it is significantly affected by weather and spatial
resolution. Therefore, an image-based method for automatic detection of straw coverage is
highly desirable. However, despite the advancements [15], complex field conditions like
varying lighting, soil types, and crop residues still pose challenges for image-based analysis.
Enhancing detection efficiency, accuracy, and adaptability for practical applications is the
goal of continued research into straw coverage detection methods. Mask R-CNN is a deep
learning model for image segmentation and object detection. Compared with traditional
threshold-based segmentation methods, it is more robust to light changes and complex
backgrounds. After optimization, the Mask R-CNN model can run in real time on images
or video streams, which is suitable for straw coverage rate measurement on site.

Therefore, the purpose of the research is to develop a model for straw detection
in fields. To this end, the specific objectives are to (1) collect data on the straw coving
field after conservation tillage to create a dataset, (2) propose a straw segment model by
improvement of the MaskR-CNN, and (3) test the robustness of the model and calculation
of straw coverage.

2. Materials and Methods
2.1. Image Acquisition and Preprocessing

Straw images were captured between 9:00 a.m. and 2:00 p.m. in October 2022 on sunny
and cloudy days using a smartphone (Apple iPhone 13) in the experimental field (117.16017



Agronomy 2024, 14, 1409

30f12

E, 36.15959 N) of Shandong Agricultural University (Figure 1), Shandong Province, China.
The experimental field is located in Tai’an City, Tai’an District. This district features a
geographically advantageous location with the northern part being mountainous and the
southern part consisting of a piedmont plain. The area boasts rich water and thermal
resources, beneficial for crop growth and development. The region experiences an average
annual temperature of 12.9 °C and an average annual precipitation of 697 mm, characteristic
of a continental semi-humid monsoon climate. The soil type is brown soil with a medium
loam texture; deep soil layers; and good properties for aeration, water permeability, water
retention, and temperature maintenance. The field is well equipped with irrigation and
drainage infrastructure. The experimental area follows a standardized management system
with wheat—corn rotation.

=
(b)
Figure 1. Experiment Sit: (a) satellite map of the field; (b) the field under conservation tillage.

The camera lens was positioned 1.4 m above the ground to ensure high-quality, high-
resolution images essential for detailed analysis and model development. The Apple iPhone
13’s primary camera features a 12-megapixel sensor and an f/1.6 aperture, providing clear
and precise imaging capabilities. This study aimed to investigate methods for rapid and
accurate detection of straw coverage based on RGB images. A total of 1000 images of straw
returning to the field were captured, originally at a resolution of 4032 x 3024 pixels with an
average size of 10 MB. We referred to many previous studies and conducted preliminary
experiments [16-18], and we found that cutting the image to 1024 x 768 pixels can ensure
recognition accuracy and speed. Therefore, to facilitate annotation and accelerate model
training, these images were cropped to 1024 x 768 pixels. To ensure the reliability and
generalizability of findings, 250 images were randomly selected and reserved as the test set.
The remaining 750 images underwent augmentation techniques, namely image inversion,
contrast enhancement, Gaussian noise addition, and translation. These methods were
employed to simulate diverse visual conditions and enhance dataset variability. As a result,
the final dataset comprised 3000 images, capturing variations in lighting and image quality
encountered during the study period.

2.2. Data Annotation

The dataset was annotated using Labelme 5.3.1 [19], an open source MIT software.
The straw area in the images was segmented by meticulously connecting points and lines.
The criteria used for connecting these points and lines were carefully specified, guided by
experts in agronomy, to ensure precise delineation of the straw regions. This approach
included assigning preset labels to each segment, facilitating accurate labeling and seg-
mentation of the straw in the returned imagery. Figure 2 illustrates the annotation process
by Labelme, showcasing how JSON files were automatically generated to encapsulate
annotation data such as mask box coordinates, object categories, and image channel counts.



Agronomy 2024, 14, 1409

40f12

,,,,,

=

LR EY R o)

Figure 2. Data annotation process by Labelme.

2.3. Improved Mask R-CNN Algorithm

Building upon Faster R-CNN's [20] existing branches for classification and coordinate
regression, Mask R-CNN adds a parallel branch for semantic segmentation. This elegant
addition, resulting in only a minor computational overhead, empowers Mask R-CNN to
perform both object detection and pixel-by-pixel segmentation simultaneously, thereby
seamlessly identifying and differentiating individuals within detected object classes [21-27].
Its structure is shown in Figure 3.

regon | », Classes
proposal regions™ >} FC (softmax)
Rol
Fi
Aign |——» FC
image —> CNN feature maps——»
> boundary box
FC regressor
=
mask

Figure 3. The structure of Mask R-CNN. The input image is first processed by a convolutional neural
network (CNN) to extract feature maps. These feature maps are then used by the proposed regional
network to generate regions of interest. The regions undergo Rol Align before being fed into fully
connected (FC) layers for classification (classes) and bounding box regression. Additionally, the
feature maps are processed through convolutional layers to produce segmentation masks.

In conventional image instance segmentation models, encoders and decoders com-
monly are usually used to form the backbone of mask generation networks. Feature
extraction typically relies on established networks like VGG16 [28] or ResNet101 [29]. How-
ever, this approach falls short when tackling challenges like the incomplete segmentation of
straw instances. This study proposes an improved Mask R-CNN algorithm specifically de-
signed to address these limitations. Figure 4 illustrates the architecture (note that RPN and
Rol Align layers are omitted for clarity). Our key innovation lies in the revamped decoder
structure, aiming to enhance model performance and overcome the issue of incomplete
straw instance segmentation.
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Figure 4. The structure of the improved Mask R-CNN algorithm. The input field straw image is
processed through convolutional layers to extract feature maps. These feature maps are then split
into two branches. The upper branch involves classification and bounding box regression via fully
connected layers, while the lower branch involves the generation of segmentation masks using
convolutional layers to identify the coverage of straw in the image.

Our improved approach to instance segmentation integrates features extracted from
the Backbone network into both the Predict Head and Mask Head branches. In the Predict
Head branch, these features are utilized for tasks such as object detection and bounding box
regression, while in the Mask Head branch, they are used for mask generation. Specifically,
in the Mask Head branch, features from the Backbone network at two different scales
undergo 3 x 3 convolutions before being fused with upsampled features to generate masks.

Unlike traditional methods that directly use features from the encoder in a separate
decoder network [30,31], our approach abandons this direct backbone feature extraction
method in favor of a multi-feature fusion strategy. This strategy involves iteratively integrat-
ing features from both the encoder and the mask generation network, establishing a tightly
coupled architecture. During the mask generation stage, this iterative integration allows
the decoder to accurately map the encoding process. By collaboratively utilizing features
from different scales in the feature extraction network with those from the mask generation
network, our model significantly improves the accuracy of instance segmentation. This
multi-feature fusion design enhances the model’s ability to capture intricate details and
shape information of the target objects, thereby generating finer instance masks [32].

2.4. Experimental Environment and Model Evaluation

The computer hardware included an Intel Core i5-11400F CPU @ 2.60 GHz and an
NVIDIA GEFORCE GTX1660Ti graphics card. Python 3.7 was used as the main editor,
Tensorflow-GPU1.13.2 was used to build and train the straw coverage detection model,
CUDA 10.0 and Cudnn?.0 4.1.5 were used to speed up the training process, and Keras2.1.5
was used to build a convolution deep network model. The performance of the proposed
improved Mask R-CNN model was evaluated using precision (P), recall (R), F1 score, and
average precision (AP). These indicators were defined as follows [33]:

TP o
TP
R= ——— x100% 2
TP+ FN 1007 @
PxR o

1
AP = / P(R)dR x 100% @
0
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where TP, FP, and FN represented the true positives, false positives, and false negatives, re-
spectively.

In this study, the intersection over union (IoU) ratio was used as a key metric for
evaluating the model’s performance in predicting straw coverage. It quantifies the over-
lap between the predicted boundary and the ground truth boundary, with a higher IoU
indicating a more accurate prediction. Specifically, the IoU score is calculated as the area of
intersection divided by the area of their union [34].

For this straw coverage detection task in this paper, the evaluation model performance
focused more on the evaluation of masks, using AP (average precision) as the evaluation
indicator for mask IoU, which leverages the area under the precision—recall curve. We
focused on AP because it can provide a holistic assessment of the model’s performance
across diverse IoU thresholds, taking into account both recall and accuracy rates. AP50 and
AP75 represent the AP values with IoU thresholds of 0.5 and 0.75, respectively. The three
metrics AP, AP50, and AP75 were employed to gauge the effectiveness of our proposed
methods in subsequent experiments.

2.5. Transfer Learning

COCO is a huge dataset for object detection and image segmentation, containing over
328,000 images categorized into 91 distinct classes. Each image has a corresponding anno-
tation file, labeling the bounding box and category of each object. In addition, for instance,
segmentation tasks and pixel-level mask annotation of each object are also provided. In this
study, in order to shorten the training time of the model as much as possible, the idea of
transfer learning was used to introduce the pretraining model based on the COCO dataset,
and the pretraining model weight on the COCO dataset was used as the initial weight of
Mask R-CNN [35].

3. Results and Discussion
3.1. Model Training

This study retained the highly effective multi-objective loss function originally em-
ployed by Mask R-CNN, which comprises classification loss, detection loss, and segmen-
tation loss. The loss function is crucial in model training, as it measures the discrepancy
between predicted and actual values. Both the original Mask R-CNN model and our
enhanced version were trained on a custom straw dataset. Figure 5 illustrates the changes
in the loss function for both models, with the x-axis representing training epochs and the
y-axis showing loss values. Analyzing the curves, we found that although both models
demonstrated rapid convergence over iterations, the enhanced Mask R-CNN converged
more quickly and ultimately achieved a lower stabilized loss.

0.7 - 0.7 -
0.6 |- 0.6 |-
05 |- 05 |

04 04

£ £
- -
03 03
02 7 02
0.1 0.1
0.0 ) | | | i 0.0 ) | | | | )
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch
(a) Original Mask R-CNN algorithm (b) Improved Mask R-CNN algorithm

Figure 5. Comparison of loss function of two models: (a) the loss curve of the original Mask R-CNN;
(b) the loss curve of improved Mask R-CNN.
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To evaluate the efficiency of the proposed improved Mask R-CNN algorithm, the
trained model was tested on a separate test set. The segmentation performance of the
original Mask R-CNN and our improved model is shown in Figures 6a and 6b, respectively.
As can be seen from Figure 6, the prediction results of the original Mask R-CNN had
a certain degree of land misdetection, and the prediction results of the improved Mask
R-CNN were more consistent with the straw target, with fewer missing and redundancy.
In addition, the original Mask R-CNN had poor recognition of small-area finely chopped
straw and a high rate of missed detection. From this, it can be seen that our improved
Mask R-CNN achieved superior segmentation accuracy for straw objects, exhibiting fewer
missed detections and false positives compared to the original Mask R-CNN algorithm.

NV

LN\

(aOriginal Mask R-CNN algorithm ( Iproved Mask -CNN algorithm ‘

Figure 6. Comparison of the prediction results of the two models: (a) the prediction results of the
original Mask R-CNN; (b) the prediction results of improved Mask R-CNN.

Table 1 provides a comparative analysis of the original Mask R-CNN model and
improved Mask R-CNN across various crucial performance metrics. The metrics evalu-
ated include precision (P), recall (R), F1 score (F1), average precision (AP), and average
precision at different IoU thresholds (AP50 and AP75). The improved Mask R-CNN model
demonstrated substantial enhancements in all assessed metrics. Specifically, the precision
(P) increased from 0.7825 to 0.8169, indicating a notable improvement of 4.4%. Similarly,
recall (R) improved from 0.7731 to 0.7948, showing a 2.8% enhancement, while the F1 score
(F1) increased from 0.7778 to 0.8057, representing a 3.5% increase. Most notably, the average
precision (AP) improved significantly from 0.6728 to 0.7254, reflecting a substantial 7.8%
enhancement. At an IoU threshold of 0.50 (AP50), the average precision increased from
0.7862 to 0.8127, demonstrating a 3.3% improvement, and at IoU 0.75 (AP75), it increased
from 0.7191 to 0.7713, showing a 7.2% increase. These findings underscore the effectiveness
of the enhancements implemented in the Mask R-CNN model, particularly in improving
accuracy and robustness across varying evaluation criteria. It can be seen that the improved
Mask R-CNN algorithm can provide more accurate straw segmentation.

Table 1. Comparison of test parameters.

Parameters Original Mask R-CNN Improved Mask R-CNN
loss 0.2071 0.07428
rpn_class_loss 0.00012616 0.000066517
rpn_bbox_loss 0.002452 0.004222
class_loss 0.000088574 0.000045847
bbox_loss 0.0023981 0.0025611
mask_loss 0.2021 0.06739
P 0.7825 0.8169
R 0.7731 0.7948
F1 0.7778 0.8057
AP 0.6728 0.7254
AP50 0.7862 0.8127

AP75 0.7191 0.7713
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(a) Original image

(a) Original image

3.2. Evaluation of Model’s Adaptability to Varying Straw Coverage

To further compare the adaptability to varying straw coverage rates between the
original and improved Mask R-CNN, comparative experimental analysis across three straw
coverage rate intervals less than 35%, 35-65%, and greater than 65% was conducted. The
segmentation results for each interval are depicted in Figures 7-9, respectively. It is evident
that the original Mask R-CNN algorithm exhibited land misdetection and missed detecting
straw across all three coverage intervals. Conversely, the proposed improved Mask R-CNN
demonstrated significant advancements in straw segmentation. It accurately distinguished
land even when surrounded by large areas of straw, showing superior recognition of finely
chopped straw compared to the former approach. This enhancement is crucial as finely
chopped straw often appears in small areas, impacting the overall performance and utility
of the model. Furthermore, the improved algorithm exhibited superior segmentation
performance within the 35-65% straw coverage range, suggesting its potential for further
optimization and refinement.

A

(b) Original Mask R-CNN algorithm (¢) Improved Mask R-CNN

Figure 7. Model segmentation results for straw coverage less than 35% interval.

(c) Improved Mask R-CNN

Figure 8. Model segmentation results for the 35-65% interval of straw cover.

N7 I =

(b) Original Mask R-CNN algorithm () Impoed Mask R-CNN
Figure 9. Model segmentation results for straw coverage greater than 65% interval.

3.3. Calculation of Straw Coverage

After straw segmentation, the coverage rate was calculated by dividing the number of
identified straw pixels by the total number of pixels in the image, as shown in Formula (5).

Number of pixels in the straw area
Total number of pixels

Straw coverage = x 100% 5)

For the two trained algorithms mentioned above, the straw coverage calculation test
was carried out with the testing set. The output results of the original Mask R-CNN
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algorithm and the improved Mask R-CNN algorithm proposed in this paper are shown in
Figure 10. Figure 10a shows that the straw coverage calculation is 42.24% using the original
Mask R-CNN algorithm, whereas Figure 10b shows that the straw coverage calculation is
49.95% using the improved Mask R-CNN algorithm.

pixels, and pixels. Str

(a) Original MaskR-CNN algorithm (b) Improved MaskR-CNN algorithm
Figure 10. Results of straw coverage calculation for two models.

3.4. Discussion

The enhanced Mask R-CNN algorithm demonstrated clear advantages in straw seg-
mentation. It trained faster with lower losses compared to the original model. The evalua-
tion of test data consistently showed improved metrics, notably increasing AP, AP50, and
AP75 by 7.8%, 3.3%, and 7.2%, respectively. This enhancement effectively reduced missed
detections and false positives, particularly for finely chopped straw fragments. Across
various levels of straw coverage, the improved algorithm consistently outperformed the
original, accurately segmenting finely chopped straw and maintaining superior perfor-
mance. Additionally, when compared to manually measured ground truth (Figure 11), the
improved Mask R-CNN achieved an average error of 3.2%.

Figure 11. Manual measurement of straw coverage rate.

When comparing several studies on straw coverage detection (Table 2), significant
differences in average error rates are evident. Ma et al. (2023) [14] achieved an average
error of 3.8% using the U-Net method. An et al. (2021) [3] employed K-means clustering,
resulting in the highest average error of 6.8%. Yang et al. (2023) [15] utilized an improved
Otsu method, achieving an average error of 3.9%. In contrast, our study, which used an
improved Mask R-CNN method, achieved the lowest average error of 3.2%.

Table 2. Compared with the existing study on straw coverage detection.

Existing Study Method Average Error/%
Ma et al. (2023) [9] U-Net 3.8
An et al. (2021) [14] K-means clustering 6.8
Yang et al. (2023) [15] Improved Otsu 3.9

Ours Improved Mask R-CNN 3.2
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This comparison highlights that deep learning methods, such as U-Net and Mask R-CNN,
perform exceptionally well in addressing the straw coverage detection problem, significantly
outperforming traditional clustering methods and the improved Otsu method. Notably, our
improved Mask R-CNN method demonstrated the highest accuracy with the lowest average
error, indicating its superior effectiveness and accuracy in straw coverage detection.

In conclusion, the improved Mask R-CNN algorithm shows substantial promise for
straw segmentation applications. Future efforts could focus on further optimizing the
model’s performance across diverse environmental conditions and extending its utility
to other related agricultural tasks. Additionally, in future studies, it may be beneficial to
conduct research on straw estimation by classifying straw fields into categories of 25%,
50%, 75%, and 100% straw load for model formulation and validation. This approach
could generate more accurate straw load prediction data and further enhance the model’s
applicability and precision.

4. Conclusions

This study aimed to develop a model for calculating straw coverage, proposing an
enhanced Mask R-CNN model. The results revealed a notable 7.8% average improvement
in segmentation accuracy, underscoring the superior performance of the enhanced Mask
R-CNN algorithm. Utilizing the mask information generated by this algorithm, the calcu-
lation of straw coverage was facilitated by assessing the proportion of pixels within each
segmented region. In comparative experiments conducted on a custom straw instance
segmentation dataset, the enhanced Mask R-CNN algorithm exhibited significant improve-
ments. Specifically, its average precision (AP), AP50, and AP75 metrics surpassed those of
the original Mask R-CNN model by 7.8%, 3.3%, and 7.2%, respectively, demonstrating its
superior segmentation capabilities. Looking ahead, we plan to enhance the accuracy and
efficiency of the enhanced Mask R-CNN algorithm by expanding our dataset to include
diverse environmental conditions and types of straw materials, optimizing the model
architecture and hyperparameters, implementing advanced postprocessing techniques,
exploring cross-modal learning, and improving computational efficiency for real-world
agricultural applications. These efforts aim to refine the model’s performance and ensure
its reliability across various scenarios.
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