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Abstract: With the advancement of agricultural intelligence, dairy-cow farming has become a sig-
nificant industry, and the application of computer vision technology in the automated monitoring
of dairy cows has also attracted much attention. However, most of the images in the conventional
detection dataset are high-quality images under normal lighting, which makes object detection very
challenging in low-light environments at night. Therefore, this study proposed a night-time detection
framework for cows based on an improved lightweight Zero-DCE (Zero-Reference Deep Curve
Estimation) image enhancement network for low-light images. Firstly, the original feature extraction
network of Zero-DCE was redesigned with an upsampling structure to reduce the influence of noise.
Secondly, a self-attention gating mechanism was introduced in the skip connections of the Zero-DCE
to enhance the network’s attention to the cow area. Then, an improved kernel selection module was
introduced in the feature fusion stage to adaptively adjust the size of the receptive field. Finally, a
depthwise separable convolution was used to replace the standard convolution of Zero-DCE, and
an Attentive Convolutional Transformer (ACT) module was used to replace the iterative approach
in Zero-DCE, which further reduced the computational complexity of the network and speeded
up the inference. Four different object-detection models, YOLOv5, CenterNet, EfficientDet, and
YOLOv7-tiny, were selected to evaluate the performance of the improved network and were tested
on the night-time dataset before and after enhancement. Experimental results demonstrate that the
detection performance of all models is significantly improved when processing night-time image
samples through the enhanced Zero-DCE model. In summary, the improved lightweight Zero-DCE
low-light enhancement network proposed in this study shows excellent performance, which can
ensure that various object-detection models can quickly and accurately identify targets in low-light
environments at night and are suitable for real-time monitoring in actual production environments.

Keywords: image enhancement; low-light detection; precision livestock farming; Zero-DCE

1. Introduction

Dairy farming plays a key role in the global economy, providing milk, meat, etc., to
countries around the world [1,2], but it still faces many challenges. As the population
grows and the demand for dairy products increases, livestock farming faces the question
of how to improve productivity and animal health and welfare with limited resources.
However, as the size of farms and livestock increases, farmers are unable to pay effective
attention to individual animals, resulting in the inability to detect anomalies [3–6]. In this
context, precision livestock farming has become an inevitable trend [7,8], so it is important
to have technologies that can monitor animal information in real time.
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Computer Vision Technology (CVT) has been widely used in pasture monitoring as
a non-contact intelligent technology [9–12], and the rapid development of deep-learning
technology has enabled CVT-based methods to obtain individual animal information and
scene information quickly, accurately, and efficiently, and improve animal welfare [13,14],
which is of great significance for the management decision-making of animal farming. Most
studies were conducted under normal lighting conditions, ignoring the performance of the
proposed methods to achieve target monitoring in low-light or night-time conditions. To
achieve 24 h monitoring of farming, it is necessary to study target detection methods in
low-light or night-time conditions. However, the image data generated under conditions
such as night-time and low-light conditions often have problems with images being too
dark or details being lost, which hinders the understanding of image content and the
extraction of image features. Therefore, obtaining sufficient animal target features under
these conditions is also a challenging task.

Image enhancement is an effective means of improving image quality. Traditional
low-light enhancement algorithms include histogram equalization [15], Single Scale Retinex
(SSR) [16], Naturalness Preserved Enhancement (NPE) [17], etc. However, the quality of
image enhancement often depends on artificial prior knowledge and regularization, making
it difficult to tune some complex situations. In addition, due to the complex optimization
process of traditional low-light enhancement algorithms, the inference time is generally
long, which is not suitable for real-time tasks.

With the development of deep learning, it has become a mainstream low-light image
enhancement mode to establish the relationship between low-light input and enhanced out-
put through heuristic design network structures and end-to-end learning. LightenNet [18]
introduces a convolutional neural network into low-light image enhancement tasks and
improves image quality through pre-processing and post-processing. However, it only
enhances brightness and cannot process other image features. MBLLEN [19] uses multiple
subnets to enhance image features at different levels at the same time and fuses the output
results of multiple branches to improve image quality from multiple aspects. However,
this model requires a large amount of paired training data to perform optimally. Enlight-
nGAN [20] solves the problem of the difficulty in obtaining real paired training data to a
certain extent by using Generative Adversarial Networks (GANs) for image enhancement,
but it still needs to ensure that the training data have the same or similar data distribution,
and the GAN-based method requires a large amount of computing resources. Guo et al. [21]
proposed Zero-DCE (Zero-Reference Deep Curve Estimation), which eliminates the need
for paired data and unpaired data through depth curve estimation and transforms the
low-light enhancement problem into an image-specific curve estimation problem, which is
faster in training. However, the Zero-DCE needs to keep the image size constant all the
time during the training process, which makes it difficult for the network to handle the
noise and brings challenges to the target detection task of night-time cows.

To meet the requirements of target detection for cows at night, it is not only necessary to
process night-time images in real time but also to ensure the accuracy of object detection, so
an improved lightweight Zero-DCE image enhancement model was proposed in this study.
The main contributions of this work are as follows: it uses the upsampling structure in the
original Zero-DCE to reduce noise impact, adds a self-attention gating mechanism for skip
connections to make the network pay more attention to the cow area in the image, improves
the kernel selection module to enhance multi-scale feature fusion, replaces the standard
convolution operation of Zero-DCE with a depthwise separable convolution operation, and
uses the ACT module to replace the iterative method of the original network, which reduces
the computational cost of the network, making it lightweight. Finally, the night-time cow
target detection was achieved by combining the current mainstream object-detection model.

The rest of the paper is organized as follows: Section 2 describes the research materials
and methods, while Section 3 presents the results and analysis. Discussions are given in
Section 4 with conclusions in Section 5.
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2. Materials and Methods
2.1. Data Acquisition

The cow data were sourced from the Northwest Agriculture and Forestry University
Animal Husbandry Experimental Base, Fufeng County, Baoji, Shaanxi Province, where
cameras were used to capture cows in their natural states within actual feeding scenes in
cattle pens [22]. Finally, nine video files, each 10 min long, were selected and converted into
1350 images at 100-frame intervals, and then the irrelevant parts at the top of the images
were cropped in batches. Night-time light halos were processed to obtain night-time images.
The collected image set includes cows at different times of the day and night, as shown in
Figure 1.
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Figure 1. Examples of sample image dataset.

From the 1350 images obtained, 141 night-time and 559 day-time cow images, a total
of 700 images, were selected to train the object-detection model. In addition, 154 images of
night-time cows were selected and re-labeled as the test set of the images to be enhanced
and the object-detection model.

2.2. Improved Lightweight Zero-DCE for Night-Time Cow Detection
2.2.1. Zero-DCE

Guo et al. [21] introduced the Zero-DCE network, which does not require reference
images. Instead, it directly learns light enhancement curves through DCE-Net and utilizes
these curves for image enhancement. The structure of DCE-Net is shown in Figure 2.
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DCE-Net comprises a total of seven convolution operations. During the 1st to the
4th convolution operation, the input image channels are expanded and image features are
extracted. Before the 5th to 7th convolution operations, skip connections are performed
to expand the number of channels to further enhance feature extraction. Finally, channel
compression is performed through convolutional and activation functions, yielding an
output with feature maps containing eight dimensions for each of the RGB channels.

Specifically, the steps of the Zero-DCE algorithm are as follows: First, it converts the
input low-light image into a grayscale image and standardizes it. Then, the algorithm
utilizes a deep curve estimation network (DCE-Net) to generate a light-enhancement
curve, An (obtained from the feature graph segmentation of the final output of DCE-Net),
ensuring that the generated curve matches the features of the original image by minimizing
the contrast loss function. Finally, the original image is pixel-wise adjusted using the
generated light-enhancement curves through multiple iterations, ultimately producing the
enhanced image. The iterative process of pixel-wise adjustment can be expressed by the
following formula,

LEn(x) = LEn−1(x) + An(x)LEn−1(x)(1 − LEn−1(x)), (1)

where x is the pixel coordinate, LEn(x) is the enhancement result of the input image
LEn−1(x), An is the curve parameter chart, which is consistent with the dimension of the
input image, and n is the number of iterations, where n is 8. The overall framework of this
network is shown in Figure 3.
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2.2.2. Self-Attention Gate Mechanism

Shallow networks often contain many redundant features, and skip connections re-
quire concatenating feature maps from shallow and deep networks, introducing noise in
the feature extraction process. The Attention Gate (AG) can implicitly learn to suppress
irrelevant regions in the input image while emphasizing salient features useful for specific
tasks. To enable the feature extraction network to capture more critical task-specific infor-
mation, this study extends the AG and introduces a self-attention gate mechanism in the
skip connection. The overall structure of the self-attention gate mechanism is shown in
Figure 4.

Firstly, the 32 × H × W feature map of the deep network undergoes channel compres-
sion through a 1 × 1 convolution operation, followed by an ReLU activation operation
to activate the grid signal of spatial information in the image. This activation allows the
skip connection to fuse features of different scales, enriching semantic information. Next,
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the obtained 16 × H × W feature map and the 16 × H
4 × W

4 feature map from the shallow
network undergo channel expansion and size transformation through convolution kernels
of size 1 × 1 and 6 × 6, respectively. These transformed feature maps are then element-wise
added to create a new 32 × H

4 × W
4 feature map. The new feature map is subjected to ReLU

activation, a 1 × 1 convolutional kernel, and feature values are kept in the range of 0 to 1.
Subsequently, the final attention map is obtained through upsampling. Finally, the feature
map from the shallow network is multiplied element-wise with the 16 × H × W attention
map, thus combining the contextual information extraction ability of the coarse-grained
feature map with the texture information extraction ability of the fine-grained feature map
to generate the final feature map.
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2.2.3. Kernel Selection Module

When the image is heavily affected by strong noise, local information around the
noise is lost. Therefore, it is crucial to explore contextual information around the noise.
As a lightweight operation, Selective Kernel (SK) convolution can adaptively adjust its
receptive field size, fully utilizing spatial features for multi-scale feature fusion, enhancing
the efficiency and effectiveness of object recognition. To address the continuously changing
noise distribution in night-time cow images, this study extends the SK convolution dual-
branch and introduces it into the feature fusion stage. The overall structure of the improved
kernel selection module is shown in Figure 5.
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Specifically, for the input feature map, F, convolution operations with kernel sizes of
3, 5, and 7 are applied, followed by batch normalization and ReLU activation, resulting
in corresponding feature maps F′, F′′, and F′′′. To improve efficiency, the conventional
convolution with 5 × 5 and 7 × 7 kernels is replaced with a 3 × 3 convolution and dilated
convolution with the appropriate dilation size. The three feature maps are then summed

to obtain
∼
F. Through Global Average Pooling (GAP) and Fully Connected (FC) layering,

compression and expansion are performed to obtain three weight coefficients, α, β, and γ.
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Subsequently, using the Softmax activation function, the corresponding weights, kc, for
each channel are obtained:

kc =
ekc

eαc + eβc + eγc
, k = α, β, γ, (2)

where, α, β, and γ represent the soft attention vectors for the feature maps F′, F′′, and F′′′,
with αc denoting the c-th element of α, and similarly for βc and γc. Finally, the feature maps
processed with different-sized convolution kernels are multiplied by their respective soft
attention vectors to obtain the final output feature map, Vc:

Vc = αcF′ + βcF′′ + γCF′′′ (3)

2.2.4. Depthwise Separable Convolution

On devices with limited computing resources, it is challenging for conventional con-
volution operations to achieve real-time performance due to their high computational
demands. Depthwise (DW) convolution combined with Pointwise (PW) convolution is
employed in depthwise separable convolution. This structure, like regular convolution, is
used for feature extraction. However, in comparison to conventional convolution, depth-
wise separable convolution has a lower number of parameters and computational costs,
resulting in faster real-time execution. Such structures are commonly employed in vari-
ous lightweight networks, such as MobileNet [23], ShuffleNet [24], etc. The structure of
depthwise separable convolution is shown in Figure 6.
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(1) Depthwise

Depthwise convolution adopts a separate approach, where each convolutional kernel
is responsible for processing one input channel. In other words, each channel is convolved
only with one kernel. In contrast, in regular convolution, each kernel simultaneously
operates on all channels of the input image.

Taking a three-channel color input image as an example, depthwise convolution first
performs convolution separately with three kernels, one for each channel. This means
that channels and convolutional kernels are one-to-one corresponded. Therefore, after
this operation, a three-channel image generates three feature maps. However, the number
of feature maps after depthwise convolution is the same as the number of channels in
the input layer, and it cannot expand the number of feature maps. Additionally, this
operation independently convolves each channel of the input layer, without fully utilizing
the feature information of different channels at the same spatial position. Hence, pointwise
convolution is needed to combine these feature maps and generate new feature maps.
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(2) Pointwise

The operation of pointwise convolution is similar to regular convolution, with a kernel
size of 1 × 1 × M, where M is the number of channels in the previous layer. In this
convolution operation, the feature maps are linearly combined along the channel direction
to generate new feature maps, and the number of output feature maps is equal to the
number of kernels used. In summary, depthwise separable convolution is accomplished
through two consecutive convolution operations.

The original Zero-DCE feature extraction network uses regular convolution operations.
To further meet the real-time requirements, this study replaces regular convolutions with
depthwise separable convolutions to significantly reduce the network’s parameter count
and accelerate the inference speed.

2.2.5. ACT Module

The original Zero-DCE network suffers from slow processing speed, primarily due to
the extensive computation involved in the eight iterations of curve adjustment. To address
this, this study introduces the ACT module, which replaces the original eight iterations with
a convolution, normalization, and activation process. The structure of the ACT module is
shown in Figure 7.
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The activation module consists of three convolutional layers interleaved with three
activation layers. The first two activation layers use the ReLU function, and the third
activation layer uses the tanh function, enhancing low-light features. This results in a set of
enhancement coefficients used for the final enhancement curve. This approach alleviates
the issue of redundant iterations, significantly reducing computational complexity.

2.2.6. Improved Lightweight Zero-DCE

In this study, we proposed a night-time cow image enhancement detection framework
based on an improved lightweight Zero-DCE network. In addition to the above modifi-
cations, this approach replaces the feature extraction network of the original Zero-DCE
network with an up-sampling and down-sampling structure to suppress noise and reduce
external environmental interference. The overall process consists of two steps: (1) inputting
night-time, low-light cow images into the improved low-light enhancement network for
enhancement; (2) detecting the obtained enhanced images using an object-detection model.
The overall structure of the improved lightweight Zero-DCE network is shown in Figure 8.

This study uses night-time cow images as input for the improved Zero-DCE. The
specific process is as follows:

An image with dimensions H × W × 3 is input into the network. First, channel
expansion and downsampling are performed through three convolution layers and three ac-
tivation function operations, resulting in a feature map of dimensions H/16 × W/16 × 16.
Subsequently, two upsampling operations are applied to restore the feature map to dimen-
sions H × W × 48. Simultaneously, skip connections are introduced in the upsampling
operations, concatenating the feature maps of the shallow network and the deep network
along the channel direction to retain spatial information from the shallow network. The
self-attention gate mechanism is employed to suppress redundant features in the shallow
network. The restored feature map undergoes channel compression through convolution
and activation function operations. It is then input into the kernel selection module to
obtain an output feature map of dimensions H × W × 32. The output feature map is
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processed by the ACT module to obtain the final curve parameter map. Finally, the image
is enhanced using the curve parameter map. The enhancement formula is as follows:

LE(I(x); An) = I(x) + An I(x)(1 − I(x)), (4)

where x represents the pixel coordinates of the image, I(x) is the input image, LE(I(x); An)
is the enhanced image of the input, and An represents the curve parameter map.
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The improved network still uses the loss function of Zero-DCE, mainly including
spatial consistency loss (Lspa), exposure control loss (Lexp), color constancy loss (Lcol), and
illumination smoothness loss (LtvA ). The overall loss expression is as follows:

Ltotal = λ1Lspa + λ2Lexp + λ3Lcol + λ4LtvA . (5)

Spatial consistency loss is used to prevent significant changes in the value of a pixel
and its neighboring pixels before and after image enhancement. The specific formula is
as follows:

Lspa =
1
K ∑K

i=1 ∑j∈Ω(i)

(∣∣Yi − Yj
∣∣−∣∣Ii − Ij

∣∣)2, (6)

where K represents the number of pixels, Ω(i) represents the four neighborhoods (up,
down, left, right) of the i-th pixel, and Y and I denote the local region average values for
the enhanced and input images, respectively.

Exposure control loss represents the distance between the brightness of each pixel and
some intermediate value, aiming to prevent certain areas from being too dark or too bright.
The specific formula is as follows:

Lexp =
1
M∑M

K=1|Yk − E|, (7)

where E represents the ideal intermediate brightness value, set to 0.6 in this paper, Y denotes
the local region brightness average of the enhanced image, and M represents the number of
non-overlapping 16 × 16 regions.

Color constancy loss is based on the conclusion that the values of a color channel in an
image should not significantly exceed those of other channels [25]. A correction relationship
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is established among the three RGB channels to ensure that the average values of the RGB
channels in the enhanced image are as close as possible. The specific formula is as follows:

Lcol = ∑∀(p,q)∈ε

(
Jp − Jq

)2, ε = {(R, G), (R, B), (G, B)}, (8)

where, (p, q) traverses all pairwise combinations of the three-color channels and Jp and Jp
represent the average brightness values for color channels p and q, respectively.

Illumination smoothness loss is designed to maintain a monotonic relationship be-
tween adjacent pixels, ensuring that the brightness changes between neighboring pixels are
not too pronounced. The specific formula is as follows:

LtvA =
1
M∑N

n=1 ∑c∈ξ

(∣∣∇x Ac
n
∣∣+∣∣∇y Ac

n
∣∣)2, ξ = {R, G, B}. (9)

In the above equation, N represents the number of iterations, ∇x and ∇y are the
horizontal and vertical gradient operators, and Ac

n represents the curve parameter map for
each channel.

2.3. Evaluation Indicators

The aim of this study is to enhance the accuracy and robustness of night-time, low-
light detection in cattle. Therefore, precision, recall, mean average precision (mAP), and
frames per second (FPS) are employed as evaluation metrics for the network, as shown in
the following equations:

precison =
TP

TP + FP
× 100%, (10)

recall =
TP

TP + FN
× 100%, (11)

AP =
∫ 1

0
P(r)dr, (12)

mAP =
1
n

n

∑
i=1

AP(i) (13)

where TP, FP, and FN represent the true positive, false positive, and false negative sample
counts, respectively. mAP is the average precision across all classes. Additionally, n denotes
the number of classification types (in this study, n = 1). FPS refers to the number of enhanced
images inferred within one second.

3. Results and Analysis

All experiments in this study were conducted in a Microsoft Windows 11 64-bit system
environment, using the PyTorch-1.12.1 version, an open-source deep-learning framework
that supports GPU acceleration and dynamic neural networks. The experiments were
conducted with CUDA 11.6 for training. The computer (Lenovo Legion R9000P 2021H,
China) was used for the experiments, and its own hardware information is as follows:
AMD Ryzen 7 5800H with Radeon Graphics@3.20 GHz processor, 16 GB of RAM, and
an RTX 3070 graphics card. Additionally, to expedite model convergence, pre-trained
models corresponding to each detection algorithm were utilized as the initial weights for
the networks.

3.1. Comparison of the Results of Different Models

The comparative experiments were conducted to better showcase the performance of
the improved enhancement model. In this study, the detection results on the original test
set and the test set enhanced by the improved enhancement model were compared across
four different object-detection models: YOLOv5, CenterNet, EfficientDet, and YOLOv7-tiny.
The models were trained and validated using the same dataset of cow images. Table 1
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presents the comparative results of precision, recall, mAP, and the inference time for the
improved enhancement model across the various models.

Table 1. Target detection results before and after night image enhancement.

Models Unenhanced Improved Zero-DCE Enhanced

P R mAP0.5 P R mAP0.5 FPS (Frame/s)

YOLOv5 92.6 70.8 83.1 94.7 80.1 88.4

346.5
CenterNet 94.9 67.95 75.09 92.43 71.81 79.23

EfficientNet 87.17 74.24 83.45 91.51 78.7 85.95

YOLOv7-tiny 91.6 79.2 78.7 92.9 79.8 80.9

As can be seen from Table 1, the recall rate of YOLOv5 on the enhanced test set is as
high as 80.1%, which is 9.3% higher than that of the original test set, and other indicators
are also improved, with an accuracy rate of 94.7% and mAP@0.5 being 83.1%, which are
2.1% and 5.3%, respectively. Although CenterNet’s accuracy on the enhanced test set was
slightly lower than that of the original test set, the recall and mAP@0.5 rates increased by
3.86% and 4.14%, respectively. Compared with the original test set, the accuracy, recall
and mAP@0.5 of EfficientNet on the enhanced test set are increased by 4.34%, 4.46%, and
2.5%, respectively. YOLOv7-tiny also improved the accuracy, recall, and mAP@0.5 by 1.3%,
0.6%, and 2.2%, respectively. In summary, among the four object-detection models, all
the indicators of all models on the enhanced test set are higher than those of the original
test set, except that CenterNet’s accuracy on the enhanced test set is slightly lower than
that of the original test set. Therefore, the improved Zero-DCE network can enhance the
night-time cow images and improve the detection performance of the detection model at
night. In addition, its FPS is up to 346.5 f/s, which fully meets the speed requirements of
real-time processing.

3.2. Ablation Experiment

In order to better validate the effectiveness of each improvement module in optimizing
the original Zero-DCE network, we selected the YOLOv5 object-detection model with the
best detection results and the maximum improvement on the enhanced test set as the
baseline for ablation experiments. A total of five network configurations were tested using
the same night-time cow test set, and the experimental results are shown in Table 2.

Table 2. Ablation experiments.

Model
DCE+ Improvement Modules Detection Results after Image Enhancement

Up-Down Sampling
Structure

Self-Attention
Gate Mechanism

Kernel Selection
Module

ACT
Module P R mAP0.5

YOLOv5

× × × × 90.8 74.2 84.7
√

× × × 93.5 72.8 84.7
√ √

× × 94.0 73.4 85.1
√ √ √

× 93.0 75.1 85.9
√ √ √ √

94.7 80.1 88.4

Note: × indicates that the module is not used, and
√

indicates that the module is used.

From the data in Table 2, it can be seen that after replacing the feature extraction
network in Zero-DCE with the feature extraction network with the up-and-down sampling
structure, the accuracy rate increased by 2.7 percentage points, and the mAP@0.5 did
not change, but the recall rate decreased slightly. After the introduction of the attention
mechanism, the accuracy rate was further improved, and the recall rate rebounded, with
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mAP@0.5 increasing by 0.4 percentage points. After adding the core selection module, the
accuracy, recall, and mAP@0.5 indicators are better than those of the original Zero-DCE
network, which are improved by 2.2%, 0.9%, and 1.2%, respectively. Finally, after eight
iterations of the ACT module instead of the seventh shallow feature layer of Zero-DCE,
the three indexes were further improved, and the accuracy rate was 94.7%. The recall rate
was 80.1% and mAP@0.5 was 88.4%, which were 3.9%, 5.9%, and 3.7% higher than the
original Zero-DCE, respectively. In summary, on the whole, with the introduction of each
improvement module, the three evaluation indicators have been improved; in particular,
mAP@0.5 shows a steady and increasing trend. In order to illustrate the superiority of the
improved Zero-DCE network over the original Zero-DCE network, the YOLOv5 model
was further used to predict the images of the same night-time dairy cow test set after the
enhancement of the two networks, and the comparison and prediction images are shown
in Figure 9.
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(a) Overlapping occlusion target detection predictions 

  
(b) Extremely low-light target prediction 

Figure 9. Comparison of partial prediction results between Zero-DCE and improved Zero-DCE.

On the left is the prediction image enhanced by the original Zero-DCE network, and
on the right is the prediction image enhanced by the improved Zero-DCE network. In
Figure 9a is the detection of the occluded target; it can be seen that the occluded target
is missed in the left figure, while the occluded target is detected in the right figure, but
there is still a false detection area; Figure 9b, in order to detect very low-illuminated targets,
there are many missed detections in the left figure, and the detection is normal in the right
figure. In addition, overall, the prediction frame on the right fits more accurately than the
detection frame on the left. In summary, the improved Zero-DCE network has a superior
enhancement effect.

3.3. Detection Results before and after Day-Time Data Enhancement

In order to verify that the augmentation model proposed in this paper is combined
with the YOLOv5 object-detection model to achieve object detection during the day and at
night, it is further verified on the day-time dataset. The test results are shown in Figure 10.
It can be seen that the color tone of the enhanced image has changed, but object detection
can still be achieved. Therefore, the improved Zero-DCE model proposed in this paper is
combined with the YOLOv5 object-detection model to achieve day-time and night-time
target detection once the network training is completed.
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4. Discussion
4.1. The Influence of Datasets on the Experimental Results

The datasets used in this study were all obtained from surveillance videos, and most
of the night-time images are of poor quality, such as there being more image noise or
low resolution, due to insufficient light and more environmental interference at night.
The performance of the original Zero-DCE is greatly affected by the quality of the input
images and the number of low-light images in the training dataset. Therefore, in practical
applications, the training dataset can be further expanded by adding a large number of
high-quality, low-light images and performing multiple exposure processing to improve
the performance and applicability of the improved Zero-DCE network.

4.2. Performance Analysis of Improved Lightweight Zero-DCE

The improved Zero-DCE network proposed in this study achieves a precision rate of
94.7% on YOLOv5, surpassing the original Zero-DCE network. The up-sampling structure
and kernel selection module help suppress noise and reduce external environmental inter-
ference, and the self-attention gating mechanism enhances the weight of the task targets
throughout the feature map, leading to better enhancement and improved subsequent
detection results. The ACT module and depthwise separable convolution significantly
reduce the network’s computational load, increasing the inference speed to meet real-time
requirements. From Tables 1 and 2, as well as the accompanying figures, it is evident that
the improved Zero-DCE network not only enhances the original Zero-DCE’s performance
but also boosts overall night-time detection capabilities across different object-detection
models like YOLOv5, CenterNet, EfficientNet, and YOLOv7-tiny. However, even after
enhancement with the improved Zero-DCE network, there are occasional false negatives
and false positives when the edges of the image are too dark, noise levels are high, and
cows are visibly overlapping or occluded.

4.3. Possible Research Directions in the Future

Although this study proposed an effective enhancement framework for night-time
cow detection to improve the accuracy of detection, researchers still need to address a
series of limitations and challenges. Therefore, in future research, on the one hand, we can
start from multiple scenes and no longer focus on a single application scene. On the other
hand, we can start with the dataset and look at how to obtain a higher quality dataset, or
investigate what pre-processing measures should be taken to improve the image quality.
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5. Conclusions

In this study, the improved lightweight Zero-DCE low-light enhancement network is
proposed to enhance the detection of dairy cow night-time images, which successfully inte-
grates the up-down sampling structure, self-attention gating mechanism, kernel selection
module, ACT module, and deep separable convolution into Zero-DCE, which improves its
detection performance on the object-detection model, and especially improves the problem
that the network has difficulty dealing with noise and has large computational cost. The
accuracy rate, recall rate, and mAP@0.5 of the improved lightweight Zero-DCE network on
YOLOv5 reached 94.7%, 80.1%, and 88.4%, respectively, which is better than the original
Zero-DCE network and is suitable for a variety of different object-detection models. The
overall network size is small and easy to deploy to embedded devices, and the FPS reaches
346.5 f/s, which is far more than enough to meet the needs of real-time enhanced processing.
In conclusion, the night-time image enhancement detection method of dairy cows based on
deep-learning technology proposed in this paper is conducive to the long-term, real-time
animal detection of precision animal farming.
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