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Abstract 

A multi-task cascaded convolutional neural network (multi-task convolutional neural 
network, MTCNN) that uses colour restoration (multi-scale retinex colour restoration, 
MSRCR) to preprocess images is proposed. This method is tested on the challenging face 
detection dataset and benchmark (FDDB) datasets. The detection effect of proposed 
method is equivalent to the MTCNN face detector under normal-light conditions. 
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1. Introduction 

Target detection in modern scientific and technological development activities is a research hotspot 

in various fields [Dey et al., 2019, Mirghasemi et al., 2012, Vink and De Haan, 2015]. Various 

detection methods have different advantages for different detection targets. Image recognition has 

been the focus of researchers in recent years, such as face recognition and vehicle recognition. The 

image learning and recognition methods based on neural networks show the characteristics of 

accuracy and speed. Considering face detection and recognition as an example, a robust real-time 

target detection framework was proposed based on the AdaBoost learning algorithm [Viola and Jones, 

2004].  

In their study, the image feature extraction of pedestrians was the object, and a linear characteristic 

support vector machine was trained as a classification model to achieve the purpose of pedestrians’ 

face detection. Girshick et al. proposed an R-CNN model at the Conference on Computer Vision and 

Pattern Recognition in 2014. This model was proposed to detect face images with a selective search 

method and generate many face candidate region suggestions. The model can run on a static and 

dynamic face detection task [Girshick et al., 2014]. After one year, Girshick proposed a fast R-CNN 

model, which accelerated the speed of feature extraction and candidate region suggestion generation 

based on the original R-CNN  

Muti-task convolutional neural network (MTCNN) was first proposed by the Shenzhen Research 

Institute of the Chinese Academy of Sciences [Zhang et al., 2016]. This network model synchronizes 

the training of face area detection and faces feature point detection tasks. The idea of multi-task was 

introduced to the neural network, which has the advantage of the synchronous improvement of speed 

and accuracy and provided optimization ideas for subsequent research. A mask R-CNN model 

consists of a general target detection model [He et al., 2017].  

The above reports were the current research progress of face detection tasks. The face image samples 

they used were obtained under a normal environment. In low-light condition, the facial features 

acquisition will be challenging, and the MTCNN-based detector’s performance will be affected.  
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Based on this problem, this paper proposes the following method to improve the low-light working 

environment and the low robustness characteristics with increasing face samples of the existing 

MTCNN: 

The multi-scale Retinex with colour restoration (MSRCR) method is used to perform image data 

fidelity. Then, simplification of the data structure and the removal of natural light improve the 

robustness of the original MTCNN and speed up the network operation. 

2. Model of MTCNN 

2.1 P-Net 

P-Net is the first cascaded network of the entire MTCNN model. The network is an FCN network. 

Consider “cat and dog war” when CNN emerged as an example, Figure 1 shows the feature extraction 

of cats and dogs with FCN. 

 

Figure 1. Feature extraction of FCN in cat and dog binary classification images 

 

The content of a picture is composed of pixels, and the pixel value is a quantitative representation of 

the pixel. The pixel value range of the currently defined picture is in the [0,255] interval. All pictures 

need to be mapped as follows before entering P-Net training to achieve faster convergence: 

𝑥𝑖 = (𝑥𝑓𝑖 − 127.5)/128                            (1) 

Where xi represents each pixel in the picture, and xfi represents the pixel after mapping. 

We suppose (x1, y1), (x2, y2) are the coordinates of the upper left corner and the lower right corner of 

a rectangular area in the input matrix, respectively. According to the above two coordinate points, the 

face candidate frame can be obtained as follows:  

𝑺 = 𝑺(𝑥, 𝑦, 𝑠)                                 (2) 
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Where S(x, y, s) represents the probability matrix, and (x, y) is the coordinate of any point on the 

probability matrix S, and s is the value on this coordinate, representing the probability of a human 

face at that point. 

Since the input matrix A is obtained by scaling the original image, it should be calculated to restore 

the A matrix to the original image size by the following formula: 
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Here, scale represents the image zoom ratio, and (•)𝑖 _ 𝑜𝑟𝑖𝑔𝑖𝑛  represents the restored coordinate value. 

However, (•)𝑖 _ 𝑜𝑟𝑖𝑔𝑖𝑛  is not equal to the coordinates of the real face candidate frame. There is a 

certain deviation from the real face candidate frame, as shown in Figure 3: 

 

 

Figure 2. Schematic diagram of border regression 

 

In Figure 2, P represents the original face candidate frame output after P-Net processing, and G 

represents the real face candidate frame. It is obvious that there is a significant deviation between P 

and G. P-Net adjusts P as close as possible to the degree of overlap of G, i.e., Ĝ . Ĝ  represents the 

regression result with P as the starting position. This process is the frame regression process. 

Suppose the corresponding P frame output in Figure 3 is (Px, Py, Pw, Ph), and the real G frame is (Gx, 

Gy, Gw, Gh), then the linear mapping relationship between the two frames satisfy: 

𝑓(𝑃𝑥 , 𝑃𝑦 , 𝑃𝑤 , 𝑃ℎ) = (𝐺𝑥 , 𝐺𝑦, 𝐺𝑤 , 𝐺ℎ)                       (5) 

First, perform a transformation through equation (4) as: 
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The frame correction is conducted through equation (5), and the frame regression corrected is 

obtained as follows: 
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                           (7) 

Here, w = h = 12/scale represent the width and height of the candidate frame, respectively. 

2.2 R-Net 

The training data of R-Net consists of regression boxes and facial contour key points generated by P-

Net. The data generation method of the facial contour key points is similar to P-Net, but the 

corresponding regression box size is 24*24. The main workflow of R-Net is as follows: 

1. Reading the pictures in the data set in turn and inputting the results in P-Net for inference to enable 

each picture to generate many face candidate frames. This step is consistent with the P-Net result. 

2. Comparing the candidate frame generated by each picture with the real face frame corresponds to 

the images by intersection over union (IOU), which is shown in Figure 4 [Nowozin, 2014]. According 

to the different IOU sizes, positive samples are generated from where the IOU> 0.65, negative 

samples are IOU<0.4, and partial samples are 0.4<IOU<0.65. All the above samples forms the 

training data set of R-Net. 
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Figure 3. Comparison of IOU 

 

3. Each sample represents the result of the regression of the face candidate frame output by P-Net. 

4. Extracting the corresponding images in the regression box from the original images from the result 

generated in step 2 and converting them to a size of 24*24. 

5. Running the model inference operation to get the classification score and coordinate the regression 

value of each regression box. 

6. Using the non-maximum value suppression algorithm to obtain the regression box corrected from 

the obtained regression box in step 5, according to the IOU score in step 2. 

7. Perform the correction operation to the regression frame from the regression frame obtained in step 

3 according to the regression value obtained from the R-Net operation to obtain the final coordinate 

result after the screening of the face candidate frame. 

2.3 O-Net 

O-Net is the last level network of the entire MTCNN. It is also the output network, and its workflow 

is similar to R-Net. The difference is that the network receives 48*48 size image input and the final 

face candidate frame output. There is only one face candidate frame with the highest confidence. 

However, during the use of MTCNN, most reports discovered that the network model in face 

recognition is essentially a face detection and face alignment detection model, which is not an end-

to-end model [Wang et al., 2016]. The machine learning method cannot avoid the shortcomings of 

weak generalization ability and poor network model robustness, leading to the shortcomings of slow 

recognition efficiency of the entire MTCNN. This shortcoming is obvious in different environments.  

3. MSRCR 

In the task of face detection, the face collection in the real environment inevitably has different 

degrees of illumination effects, which may cause interference when MTCNN extracts face features. 

Assuming that the incident light satisfies the function R(x, y), the refracted light satisfies the function 

L(x, y), and the actual observation result obtained by the observation angle satisfies the function S(x, 

y), as shown in Figure 4: 
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Figure 4. Retinex principle 

 

𝑆(𝑥, 𝑦) = 𝑅(𝑥, 𝑦) × 𝐿(𝑥, 𝑦)                          (8) 
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Here, “×” means direct multiplication, and (x, y) represents the coordinates of the plane where the 

incident light and refracted light are located. 

Using the logarithmic function, we obtain the following by taking the logarithmic both sides of 

equation (8): 

𝑙𝑜𝑔( 𝑆(𝑥, 𝑦)) = 𝑙𝑜𝑔(𝑅(𝑥, 𝑦)) + 𝑙𝑜𝑔( 𝐿(𝑥, 𝑦))                  (9) 

we assume log(S(x, y)) = s(x, y), log(R(x, y)) = r(x, y), and log(L(x, y)) = l(x, y), then equation (9) is 

transformed into: 

𝑠(𝑥, 𝑦) = 𝑟(𝑥, 𝑦) + 𝑙(𝑥, 𝑦)                         (10) 

We obtain that equation (10) decomposes the three kinds of light into simple linear relations. 

3.1 Single-scale Retinex algorithm (SSR) 

SSR was proposed in 1997 [Jobson and Rahman, 1997]: assuming R(x, y) expresses a specific 

reflective object refracting light, it can be divided into the original image I(x, y) and the reflected 

brightness L(x, y). The r(x, y) in equation (10) can be expressed as: 

𝑟(𝑥, 𝑦) = 𝑙𝑜𝑔(𝑅(𝑥, 𝑦)) = 𝑙𝑜𝑔(
𝐼(𝑥,𝑦)

𝐿(𝑥,𝑦)
) = 𝑙𝑜𝑔( 𝐼(𝑥, 𝑦)) − 𝑙𝑜𝑔( 𝐹(𝑥, 𝑦) ∗ 𝐼(𝑥, 𝑦))   (11) 

where * represents the convolution symbol, F(x, y) is the center wrap function, expressed by the 

following equation: 

𝐹(𝑥, 𝑦) = 𝐾𝑒−(𝑥
2+𝑦2)/𝑐2                           (12) 

Here, c represents the Gaussian surround scale, and the function must satisfy: 

∬𝐹(𝑥, 𝑦)𝑑𝑥𝑑𝑦 = 1                             (13) 

By combining equations (11), (12), and (13), we obtain the original image emitted by the reflective 

object itself, at which time the reflected brightness of the object has been removed. 

3.2 MSRCR 

Jobson and Rahman proposed an improved image enhancement algorithm based on SSR, i.e., 

MSRCR [Jobson et al., 1997]. 

MSRCR introduces a color restoration factor C based on the latter. C can describe the original image 

R, G, and B by calculating the ratio of the three channels of R, G, and B in the input image. The 

function Ci(x, y) of the three-channel proportional relationship is calculated as follows: 

𝑆′𝑖(𝑥, 𝑦) =
𝑆𝑖(𝑥,𝑦)

∑ 𝑆𝑛(𝑥,𝑦)
𝑁
𝑛=1

                            (14) 

𝐶𝑖(𝑥, 𝑦) = 𝑓(𝑆 ′
𝑖(𝑥, 𝑦))                            (15) 

where i represents the number of color channels of the original image, i=1, 2…, N, and Si represents 

each color channel. 

For simplicity, let 𝑓(•)in equation (15) be 𝑙𝑜𝑔( •), then equation (15) is transformed into: 

𝐶𝑖(𝑥, 𝑦) = 𝑙𝑜𝑔( 𝑆 ′
𝑖(𝑥, 𝑦))                           (16) 

Adding the gain coefficient β and the nonlinear controlled intensity α, then: 

𝐶𝑖(𝑥, 𝑦) = 𝛽 𝑙𝑜𝑔( 𝛼𝑆 ′
𝑖(𝑥, 𝑦))                          (17) 

Using equation (14), we obtain: 

𝐶𝑖(𝑥, 𝑦) = 𝛽 𝑙𝑜𝑔( 𝛼𝑆𝑖(𝑥, 𝑦)) − 𝛽 𝑙𝑜𝑔(∑ 𝑆𝑛(𝑥, 𝑦)
𝑁
𝑛=1 )                (18) 

When processing the picture, these two parameters are manually set to certain values, combined with 

multi-scale. The final enhancement calculation formula of MSRCR is: 

𝑟𝑀𝑆𝑅𝐶𝑅(𝑥, 𝑦) = 𝐶𝑖(𝑥, 𝑦)∑ 𝑊𝑘
𝐾
𝑘=1 {𝑙𝑜𝑔𝑆𝑖( 𝑥, 𝑦) − 𝑙𝑜𝑔[ 𝐺(𝑥, 𝑦) ∗ 𝑆𝑖(𝑥, 𝑦)]}        (19) 

Compared with SSR, the core idea of MSRCR is to retain the original association between channels 

in the original color image through color restoration factors. The progressing result is showed in 

Figure 5: 
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(a)                   (b) 

Figure 5. Progressing result of MSRCR. (a) is a face image using 0.5 coefficient for dark 

processing. (b) is the result. MSRCR method removes dark in the low-light image and restores the 

face information. 

4. Result 

In order to test the specific performance of the face detector mentioned in this paper, the challenging 

face detection dataset and benchmark (FDDB) [Jain and Learned-Miller, 2010] is occupied. In this 

section, we compare the test results of the proposed models MSRCR + MTCNN (M-MTCNN) in this 

datasets. 

We choose 2400 images for training and 400 images for test. The accuracy obtained on this dataset 

is 66.67%, as shown in Table 1 and Figure 12. In a low-light environment, compared with MTCNN, 

the detection accuracy of the proposed method in this paper on the FDDB is increased by 15.46%. 

 

Table 1. The test result of the proposed method on FDDB 

Model 100 200 300 400 

MTCNN 42.46% 45.47% 48.76% 51.21% 

M-MTCNN 57.96% 61.42% 65.16% 66.67% 

 

 

Figure 6. The testing accuracy curve of the proposed method on FDDB 

 

After using the MSRCR algorithm for image enhancement, the detection effect has been improved, 

and the detector can detect the correct face. As shown in Figure 7: 
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(a1)                    (a2) 

 

(b1)                     (b2) 

Figure 7. The testing accuracy curve of the proposed method on FDDB. MSRCR parameter setting: 

multi-scale SIGMA-30, 160, 400; Gain G-5; Deviation b-25; Nonlinear controlled strength 𝛼 -125; 

Gain coefficient 𝛽 -46 

5. Conclusions 

In a low-light environment, MTCNN face detector function is limited, and the detection rate and 

detection accuracy are reduced. The MSRCR algorithm can effectively weaken the influence of low-

light environments by enhancing the face image, where the face details and colour composition in 

face images have been fidelity.  

6. Future Work 

Low-light is not friendly to face detection tasks. Currently, image enhancement methods are 

commonly used to cope with low-light problems. But in real life, a more complicated detection 

environment may appear. We will committed to work on face detection tasks in various environments 

to make face detectors more versatile. 
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