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Abstract. Computer vision research usually needs sufficient high-
quality images. However, the contrast of images captured at night is
always low, which makes many classification tasks difficult. For exam-
ple, it is hard for an unmanned surface vessel to sense the environ-
ment at night. In this paper, we attempt to solve the low-light image
classification problem via using deep learning methods. Inspired by the
multi-scale Retinex algorithm, we design a novel convolutional structure
named dedark block to enhance the low-light image and add it to the
CNN architecture for object recognition. By creating different models,
we gradually improve our models to close to the result of CNN baseline
based high-quality images, and every model is good motivated. Besides
the strong learning ability of CNN, the dedark block which is regarded
as pre-training also plays an important role in our final model. At last,
the result of every model is evaluated on two classical datasets, and all
of them achieve great performance.
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1 Introduction

Image classification has been a classic task in computer vision. Since the break-
through of convolutional neural network in image classification [1-7], many
CNN-based networks have been proposed and the accuracy has dramatically
been improved. Unfortunately, all these methods work on the good quality of
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images, whereas the captured images in real-world scenes are usually degraded.
For instance, when we get images and videos at night, the low contrast and
brightness of images always makes the classification tasks difficult. Considering
the fact that in many conditions only dark images can be obtained, a great num-
ber of enhancement methods have been put forward to deal with this problem.

In this paper, we propose a novel convolutional neural network structure to
solve low-light image classification. To the best of our knowledge, our work is the
first end-to-end learning model for low-light object classification. Firstly, inspired
by the multi-scale Retinex algorithm [8—10], we design a dedicated convolutional
neural network named dadark block and explain the relationship with multi-scale
Retinex algorithm. We think dark image enhancement as a machine learning
problem. Unlike traditional method, most of the weights are updated by back-
propagation [11]. After dedark block layer, the second part in our network is
convolutional and fully-connected classification layers. The whole network can
be considered as an end-to-end mapping between dark images and their labels.
A lot of experiments reveal the advantages of our model in comparison with
traditional methods such as histogram transformation.

Overall, the main contributions of our work are as follows: Firstly, based on
multi-scale Retinex [8], we propose a special structure named dedark block to
enhance the low-light image. Secondly, by concatenating the dedark block with
convolutional and fully-connected layers, we consider low-light image classifica-
tion as an end-to-end machine learning problem between dark images and their
labels. Last but not least, in experiments we gradually improve our models to
close to the result of classification methods based high-quality images.

2 Related Works

2.1 Image Classification

Recently, convolutional neural networks have made a series of breakthroughs in
computer vision. For example, Alexnet [2] achieves a top-5 error rate of 16.4%
in ILSVRC-2012, which exceeds the traditional methods in a great extent. Lin
et al. [3] proposed micro neural networks in every layer with complex struc-
tures. By increasing the number of layers in the network, VGG-net [4] shows
that the depth of network is very important. And a number of image classifi-
cation tasks have also greatly benefited from these deep networks. At the same
time, the inception architecture of GoogleNet [5] has been proposed in view of
computational efficiency and practicality. They increase the width and depth of
the network by using a well-designed structure and save the computing resource
at the same time. After this, in order to make optimization easier, more inge-
nious structures have been proposed. For example, Resnet [6] presents a residual
structure which makes the training process of networks easier than those used
previously. They attempt to learn the functions between the residual and the
layer inputs, rather than learn it between different layers directly. Densenet [7]
attempts to connect each layer to every other layer in the network. For each
layer, all of the preceding layers are used as inputs, and the result of this layer
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is also used as input into subsequent layers. Convolutional neural networks usu-
ally accumulate low/mid/high-level feature-maps in a multi-layer structure, and
deeper levels of features usually correspond to semantic information in an image.

2.2 Low-Light Image Enhancement

Generally speaking, low-light image enhancement can be roughly classified to
two categories: histogram-based and Retinex-based models.

One of the traditional methods to lighten the dark image is based on his-
togram transformation [12], which amplifies the dark image directly. For exam-
ple, histogram equalization (HE) makes the histogram of the whole image as bal-
anced as possible. Logarithmic transformation is also a good choice to increase
the contrast by expanding the dark regions and compressing the bright ones.
However, all of these methods try to deal with every pixel in the image individu-
ally, which makes the enhanced result inharmonious to some extent. Variational
methods such as [13] have been proposed to resolve this problem.

Land [14] introduced the Retinex theory to explain the color perception prop-
erty. He assumed that the image can be decomposed into reflection and illumi-
nation. Single-scale Retinex (SSR) [15] proposed by Jobson et al. is based on
the center/surround Retinex and regards the reflection as the enhanced image.
After this, they put forward Multi-scale Retinex (MSR) [8], which is equal to a
weighted sum of several SSR results.

2.3 Combining Low-Level and High-Level Vision Tasks

Recently, the breakthroughs of convolutional neural network have made a series
of improvements in computer vision areas such as classification [6], detection [16],
tracking [17], segmentation [18] and so on. At the same time, deep learn-
ing has also played an important role at low-level vision tasks such as super-
resolution [19], de-rain [20] and de-haze [21]. However, all of these methods
are independent to others. Combining low-level and high-level vision tasks is a
novel direction. LR-CNN [22] is a deep structure designed for classification of
low-resolution images. Li et al. [23] tried to concatenate DehazeNet and Faster
R-CNN [16], which achieves great improvement on the object detection perfor-
mance of hazy images. Liu et al. [24] attempted to use the semantic information
from those high-level tasks to guide image denoising. Vasiljevic et al. [25] showed
that network trained on high-quality images usually suffers a significant degra-
dation on performance when it is applied to those blurred images. Specifically,
they used the blur images to fine-tune the network that trained on high-quality
images, which allows it to regain much of the lost accuracy. Diamond et al. [26]
proposed an end-to-end structure for both denoising and deblurring, and made
classification tasks robust to realistic noise and blur. This structure improves
the accuracy of a classification model to a great extent on many challenge
conditions.
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3 Low-Light Image Classification

Firstly, we propose a dedicated convolutional neural network and explain the
relationship with multi-scale Retinex algorithm. Then we concatenate it with
convolutional and fully-connected layers to classify different low-light images.

3.1 Low-Light Image Enhancement Structure

In this section, we elaborate that multi-scale Retinex as an image enhancement
method can be considered as a special structure as shown in Fig. 1. Retinex the-
ory assumes that the image can be decomposed into reflection and illumination.
Based on this surround Retinex, Single-scale Retinex (SSR) [15] is similar to the
difference-of-Gaussian (DOG) function. Further, multi-scale Retinex (MSR) [§]

-

(a) DeDark block architecture

Low-Level Processing High-Level Processing

i>iﬁ> iiFQ leoparts

Lowflight Image High-light Image

(b) The overall architecture

Fig. 1. DeDark block architecture and the overall architecture. (a) DeDark block archi-
tecture, where ‘C’, ‘T’; and ‘-’ represent the concatenation, logarithmic transforma-
tion, and element-wise subtraction, respectively. (b) The overall architecture, which is
divided into two parts, low-level processing and high-level processing. High-level part
can be replaced by these common classification networks such as AlexNet, VGG-net
and so on.
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is equal to a weighted sum of several SSR results. Mathematically, the formula
is as follows:

Xi: ] (1)

Rysr, =log Ii(z,y) — glog] T,y) *

Where F),(z,y) represents the n'"* surround function.

Noticing the fact that the sum of convolution can be represented as an
Inception structure [5], and the subtraction can be considered as a residual
structure [6]. Therefore, we can represent the above Eq.1 by using a special
convolutional network named Dedark block, as shown in Fig. 1(a).

More specifically, considering that MSR is consist of three different Gaussian
surround functions, the receptive field of three convolutional layers in our model
is set to 5 x 5, 15 x 15 and 25 x 25 respectively. After this, we concatenate these
3D tensors to a larger 3D tensor H and let it go through the convolutional layer:

H:[H17H27H3] (2)
Havg = H * Wavg + bavg (3)
Where W,,, represents the parameters of a convolutional layer with three

output channels (red, green and blue) and the 1 x 1 receptive field, which plays
an average role in three images above. And if we set it to be more concrete:

300300300
Wavg= 050050030 (4)
005005003

Then this layer is exactly equivalent to the average in MSR. After this, a residual
structure [6] is used to represent the subtraction between the oral and dark
image.

As we can see, our special convolutional network is similar to traditional
image enhancement methods such as multi-scale Retinex. One of the biggest
different points is that low-light image enhancement in this paper is regarded
as a machine learning problem. More details about our training dataset will be
explained in Sect. 4.

The goal of this module is to make the enhanced image f(X) and the
real image Y as close as possible. For more visualization, dark images and the
enhanced results via our dedark block are shown in Fig.2. As we can see, the
low-light images are restored to the original images realistically by our dedark
block.

3.2 Classification Layers

The full network of our model is elaborated in Fig.1(b). As we can see, after
image enhancement layers, the second part of our model is convolutional and
fully-connected classification layers. As shown in Sect.2, a number of CNN
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frameworks [2—7] have been proposed for object recognition. In this paper we
choose two popular structures: AlexNet [2] and ResNet [6]. Both of them consist
of many Conv-ReLU-Pool layers followed by several fully-connected layers. In
Fig. 1(b), we illustrate the structure of AlexNet for simplicity.

The whole network can be considered as an end-to-end mapping between dark
images and their categories. We use the cross entropy loss as the optimization
goal. Mathematically, the loss function can be written as:

. 1 .
L(y) = =5 D_ velog e (5)
ceC

Where C' is the set of all possible labels, y is a one-hot ground-truth label
vector, ¢ is the result of softmax.

4 Experiments

In this section, we construct an image dataset for training the dedark block net-
work. To evaluate the classification accuracy of our model, we gradually improve
our models to close to the result of method based high-quality images.

(a) ground truth (b) low-light image (c) Our results

Fig. 2. Image enhancement results via our model. Figure (a): Ground truth images.
Figure (b): Dark images generated by our method in Sect. 4.1. Figure (¢): Our enhanced
results.
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4.1 Image Dataset Generation

To the best of our knowledge, our work is the first attempt for low-light image
classification. Therefore, no public dataset is available. We generate our own
dataset based on two classical datasets: Flower 102 [27] and Caltech 101 [28].
Considering that all the images in the datasets look natural, we need to gener-
ate the corresponding low-light images of those high-quality images. Each high-
quality image is used to generate a low-light image by two steps. At first, by
transforming the image to HSV space, we scale the V(Value) component with
a random factor ranging from 0.5 to 1. Then we use gamma transform with
parameters ranging from 1 to 3 to darken the image further. Figure2 gives a
high-quality /low-light example. Our dataset is consist of low-light images as
inputs and their categories as labels.

4.2 Training Setting

The whole network is consist of two component: Dedark block and classifica-
tion block. As is mentioned before, the dedark block is made up of an Inception
structure and a Residual structure. We use AlexNet and ResNet-8 for classifica-
tion. All of the experiments are trained on Pytorch software package. A popular
optimization algorithm Adam [29] is used in the training process. We start with
a learning rate of 0.001 and use weight decay of 0.0001. Experiments reveal that
600 epoches are enough for the model to converge as Fig. 4 shows.

4.3 Comparison with Different Models

In this section we start from high-quality images based model firstly and perform
a step-by-step model evolution to close to this upper bound.

> AlavNat > Recognition Logarithmic N AlexNet |, Recognition
result Transformaton result
(a) Model A (b) Model B
DeDarkBlock —»  AlexNet ~ —p ecoBnition DeDarkBlock =~ pjexnet ~ — Recognition
result (Pre-trained) result
(c) Model C (d) Model D

Fig. 3. Different models for the low-light image classification. (a) Model A: Classify
the high-quality image directly using traditional CNN models such as Alexnet (which
is used for comparation). (b) Model B: Use logarithmic transform to enhance the dark
image at first, and then classify it by CNN. (c) Model C: Low-light image classification
is considered as an end-to-end network by adding the dedark block. (d) Model D: Pre-
training the dedark block between dark and bright images and then fine-tune it on
model C.
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Table 1. The classification accuracy of different models

Network | Model Flower 102 | Caltech 101

AlexNet | Model A | 75.2% 73.4%
Model B | 68.9% 67.3%
Model C | 70.1% 69.1%
Model D | 71.8% 72.8%

Resnet-8 | Model A | 81.4% 67.1%
Model B | 73.5% 62.8%
Model C | 74.2% 63.4%
Model D | 75.1% 63.5%

Model A. As is shown in Fig.3(a), the first method is to classify the high-
quality image directly using traditional CNN models such as Alexnet [2]. The
accuracy of this method is shown in Table 1. There is no doubt that high-quality
images will obtain high accuracy. In the rest of this section we try our best to
make our model close to this result.

Model B. Actually, most of the details in the dark image have been buried
into the background. Considering the fact that low-contrast or low-light condi-
tion always makes the classification task difficult, a lot of image enhancement
methods have been proposed to solve this problem. One of the most widely
used technique is histogram equalization, which makes the histogram of the
whole image as balanced as possible. Logarithmic transformation is also a good
choice to increase the contrast by expanding the dark regions and compressing
the bright ones. In this work we choose the latter for comparison. The whole
structure of the model is shown in Fig. 3(b). As we can see, the only difference
between model A and model B is the addition of a logarithmic transformation,
which makes the image brighter. However, experiments reveal that logarithmic
transformation makes a limit improvement in the accuracy of image classifica-
tion, which is far less than the result of high-quality. Table 1 shows the accuracy
gap between them.

Model C. The main drawback of model B is that all the dark images are
enhanced by identical logarithmic transformation without the dependence of
image distribution, which makes the enhanced result inharmonious to some
extent. In Sect. 3 we consider low-light image enhancement as a supervised learn-
ing model, which can solve this problem to some extent. The simple structure
of this model is shown in Fig.3(c), while more details have been elaborated in
Fig.1. As we can see, this model can be treated as two parts. The first part
lightens the dark image to a bright image, and the second part classifies the
bright images. The whole network can be considered as an end-to-end mapping
between dark images and their labels. All of the parameters are optimized by
back-propagation. As Table 1 shows, comparing to traditional histogram trans-
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formation methods, learning-based methods can further improve the accuracy
of classification.

Model D. Although the improvements are obtained by an end-to-end mapping
between dark images and their labels, we attempt to squeeze the last bit of
performance on convolutional neural network. As has been elaborated in Sect. 3,
dedark block is equivalent to multi-scale Retinex if suitable weights are selected.
However, all of the weights in Model C are initialized randomly, which may make
the dedark module plunge into local optimum. A more appropriate consideration
is that the dedark block can be pre-trained between dark and bright images. This
problem can be regarded as a regression model by using the Frobenius norm
as the loss function, as Sect. 3 suggests. After this, the whole network is fine-
tuned on these pre-trained weights. The whole procedure of Model D is shown in
Fig.3(d). Test set accuracies in Table 1 show that pre-trained model is superior
to Model C. Hence, better performance of Model D is credited to the knowledge
about the weights of dark image enhancement, which verifies our motivation to
classify low-light image via image enhancement.

Figure 4 shows the convergence curves on different datasets. As we can see,
model A always reaches the highest accuracy and model D follows it. By pre-
training the dedark block on model C, the effect of image enhancement has been
revealed, which is in line with our expectation.

o
»
S

accurancy

o o
[

accurancy
o
B

—— model_a 0.2

model_b model_b

—— model_c 0.1 1 —— model_c

—— model_d —— model_d

0 100 200 300 400 500 600 0 100 200 300 400 500 600
epoch epoch

(a) Caltech 101:AlexNet (b) Flower 102:AlexNet

Fig. 4. Convergence curves of different datasets. Figure (a) corresponds to four models
trained by Caltech 101 based on AlexNet, Figure (b) corresponds to four models trained
by Flower 102 based on AlexNet. As we can see, model A always reaches the highest
accuracy and model D follows it.

5 Conclusion

In this paper, we propose the low-light image enhancement structure based on
Retinex theory, and combine it with traditional classification network. Compar-
ing to the CNN baseline trained by high-quality images, we gradually improve
our models to close to the result of methods based high-quality images, and
every model is good motivated. Besides the large learning capacity of CNN, the
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final model also benefits from the low-light image enhancement pre-training. The
effectiveness of the proposed method is evaluated on two classical datasets and
it obtains outstanding performances.
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