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Convolutional Neural Networks (CNNs) are widely used in image classification tasks, but their performance can
degrade significantly under poor illumination conditions. Although numerous image enhancement methods have
been developed to mitigate this issue, identifying the most appropriate technique for a specific image remains
challenging. This work aims to determine the most effective image enhancement algorithm for a potentially
dimmed input image to enhance the classification prediction performance. To do this, a trained regressor, which

evaluates different features of an image, ascertains the increase or decrease in classification prediction perfor-
mance between the input image and the enhanced image. These predictions are then used to select the most
suitable image enhancement algorithm to be applied to the input image for optimal CNN classification. Exper-
imental results using various CNN architectures and enhancement techniques demonstrate that the proposed
strategy consistently improves classification performance under challenging lighting conditions.

1. Introduction

In a few years, artificial intelligence (Russell & Norvig, 2009) has ex-
perienced significant growth, driven primarily by major advancements
in the field of deep learning. This has contributed significantly to im-
proving machines’ ability to comprehend, learn, and perform complex
functions, leading to significant breakthroughs in areas ranging from
pattern recognition to natural language processing (Gorriz et al., 2020).

The field that allows us to identify patterns in input data using al-
gorithms that classify factors based on their degree of influence is Ma-
chine Learning (Russell & Norvig, 2009). This process continues itera-
tively, enabling learning and improvement over time, and the goal is
to mimic human intelligence. One of the subsets in machine learning is
Deep learning (Schulz & Behnke, 2012), where input data is fed into an
artificial neural network (Drew & Monson, 2000), which contains mul-
tiple hidden layers responsible for processing data. Through this pro-
cessing, we achieve learning by establishing connections and weights,
progressively obtaining better results. This requires training to experi-
ment with different data processing combinations until minimizing er-
rors and improving predictions. Convolutional Neural Networks (CNNs)
(CS231n, n.d.; Yamashita et al., 2018) are widely used for their perfor-
mance in many computer vision tasks, but they are also applied in other
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domains such as speech recognition (Zhang et al., 2017) or natural lan-
guage processing (Wang & Gang, 2018).

Image classification is a common application, and in many cases,
CNNs outperform humans. Different methods have been developed to
face image classification in general (Han et al., 2018) as well as a spe-
cific type of images such as hyperspectral images (Gao et al., 2025;
Li et al.,, 2024; Wu et al., 2024a), satellite images (Shendy & Nalepa,
2024), soil images (Pandiri et al., 2024), remote sensing images (Chen
et al., 2025), images with different marine species (Zhang et al., 2024),
food images (Phiphitphatphaisit & Surinta, 2024), skin cancer images
(Dogan et al., 2025) ...CNNs are trained using these images, taking
their pixels and labels as input, and learning with filters applied to
each image. These filters enable the network to identify specific pat-
terns by searching for parts of the image that match each filter. The net-
work architecture is crucial for obtaining better results when making
modifications to different layers, using activation functions, or learn-
ing algorithms. However, the quality of the image also plays a sig-
nificant role in classification results as can be observed through ex-
periments conducted with various classification models (Rodriguez-
Rodriguez et al., 2024, 2021; Rodriguez-Rodriguez et al., 2021), and it
is often overlooked. The performance of classification algorithms can be
degraded due to the next physic effects: the presence of noise and low
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illumination. The first one, the noise, consist in the corruption of the
pixel value and there are several types or sources including Gaussian,
Speckle and Shot noise. To address this, several image denoising algo-
rithms can be found in the literature to improve image quality (Elad
et al., 2023) proposing from classic approaches like advanced Wiener
filters (Bled & Pitié, 2023) to more advanced techniques like transform-
ers (Choi et al., 2023) and the use of auxiliary CNNs (Tiantian et al.,
2024; Wu et al., 2024b; Zhang et al., 2023), making an improvement
in the CNN classification performance. Furthermore, it is important to
highlight that the research of image synthesis like Generative Adversar-
ial Networks (Goodfellow et al., 2020) (GANS) or diffusion models (Pee-
bles & Xie, 2023) have contributed indirectly introducing some steps for
reducing the noise.

The second physic effect is the low illumination that will reduce the
constrast of the images and it will make more difficult the features ex-
traction by the intermediates layers in the CNN. It is essential in this
case to consider image preprocessing techniques for classification (Koo
& Cha, 2017; Pal & Sudeep, 2016) to train an efficient Neural Network.
Networks are typically trained and tested with high-quality image sets,
but real-life scenarios may involve external factors affecting image qual-
ity. Improving the image involves enhancing the quality and informative
content of the original data before processing. This procedure aims to
amplify specific important features of the image for analysis, diagno-
sis, and visualization. Changes can be made to intensity, contrast, noise
reduction, edge sharpening, filtering, etc.

Image improvement plays a crucial role in image processing applica-
tions. There are many image enhancement algorithms, given their sub-
jective nature and dependence on the application. Four algorithms com-
monly used are Gamma Correction (GC) (Poynton, 2003), Histogram
Equalization (HE) (Patel et al., 2013), Contrast Limited Adaptive His-
togram Equalization (CLAHE) (Reza, 2004), and Logarithmic Transfor-
mation (LT) (Manikpuri & Yadav, 2014). All these techniques work on
the pixels of an image to improve contrast, and they are traditional and
well-known methods; however, many advances in low-light image en-
hancement have been reached in recent years, particularly from the
irruption of deep learning (Liu & Fan, 2025). There are supervised-
learning methods such as CNN-based models (Deng et al., 2022; Lin
et al., 2023; Liu et al., 2023, 2024; Yao et al., 2024) or transformer-
based models (She et al., 2024; Wen et al., 2025; Xu et al., 2022);
unsupervised-learning methods such as Generative adversarial networks
(GANs) (Guan et al., 2024; Wu et al., 2024c) or unsupervised domain
adaptation methods (Gao et al., 2022); by using diffusion models (Du
et al., 2024; Lv et al., 2024; Wang et al., 2024), etc.

Although many image enhancement techniques have been intro-
duced to improve visual quality under challenging lighting conditions,
and CNN-based classifiers perform well in controlled environments, a
key limitation persists: the relationship between enhancement methods
and classification accuracy is not thoroughly explored. Most existing ap-
proaches apply a single, fixed enhancement algorithm without consider-
ing whether it actually improves classification for a specific image. Addi-
tionally, there is no established method for adaptively choosing the most
appropriate enhancement technique based on the image content. This
limitation becomes particularly significant in real-world settings with
unpredictable illumination. To address this, we propose a regression-
based approach that evaluates the potential effect of multiple enhance-
ment algorithms on classification performance and automatically selects
the one most likely to yield optimal results.

In this work, given a possible dimmed input image to be classified
using a CNN classifier, we try to identify which image enhancement
algorithm is more suitable to be applied to that input image in order
to improve the performance of the classification prediction. To achieve
that, we will train a regressor (Freedman, 2009; Zhang & O’Donnell,
2020) to, given the characteristics of an image with reduced illumina-
tion, determine the loss or gain in performance in the classification of
the input image and the image with the applied enhancement algorithm.
Then, this information is used to select which image enhancement algo-
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rithm is, a priori, the best one to be applied to the input image in order
to be better classified by the CNN.

The structure of this paper is as follows. The proposed methodol-
ogy is depicted in Section 2. After that, the carried out experiments are
provided in Section 3. Finally, Section 4 describes the conclusions.

2. Methodology

In this section, the proposed method to improve the performance of
deep convolutional image classifiers by means of automated selection
of image enhancement algorithms is specified. Section 2.1 establishes
the theoretical framework of our proposal. Section 2.2 explains our pro-
posed classification performance optimization procedure. Finally, Sec-
tion 2.3 outlines the workflow of our approach.

2.1. Framework

This subsection establishes the theoretical framework of our ap-
proach. Let us assume that the set of image classes is:
c={C,....Cx} €))

where K is the number of classes. Given an input image X, a deep con-
volutional image classifier 7 can be used to estimate the class y that X
belongs to:

p=FX) @
q=arg, max  pi 3
where p € [0, 11X is the vector of the estimated probabilities that image

X belongs to each of the K classes, and g € {1, ..., K} is the estimated
class for image X.

Next, let us consider that a corrupted image X is given as input. Let
us also assume that M enhancement algorithms are available such that
X ; is the enhanced image obtained by applying the jth enhancement al-
gorithm to X, with j € {1,..., M }. For the sake of notational simplicity,
it will be assumed that j = 1 corresponds to the no-operation enhance-
ment algorithm, i.e. X, = X.

The goal is to select an enhancement algorithm for X such that the
image classification performance is improved. The aim is to maximize
the following goal function:

(XX,) =£(X)-£(X) @
where £ stands for the cross-entropy loss function:

K
LX) =- Y (X eC)logp, 5

i=1

where [ denotes the indicator function:

I(z) = {1 if z is true ®)

0 if z is false

The selection of the cross-entropy loss function is driven by its differ-
entiability with respect to the vector of estimated probabilities p. Such
differentiability makes it more likely that the optimization landscape of
the cross-entropy is smoother and better behaved than other possible
choices for the loss function, such as accuracy gain, top-1 margin, or
rank flips.

For a fixed value of X , the maximization of (4) is equivalent to
the decision problem of choosing the enhancement algorithm that min-
imizes the cross-entropy loss function £(X;):

= pin,, £(5) 2

This decision problem is related to meta-learning or algorithm se-
lection, for the specific task to image enhancement. Previous related
approaches can be found in Chen et al. (n.d.), Czako et al. (2021).
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2.2. Classification performance optimization

Next, the proposed procedure to maximize the classification perfor-
mance of the system is detailed. The information about the true class
labels is not available at test time. Therefore, an estimation of r must
be done that can be evaluated at test time, from a suitable vector of
characteristic features ¢ obtained from the input image X by the feature
extraction function H:

c=HX) ®

where ¢ € R is the feature vector obtained from image X, which con-
tains H features. In our experiments we have H = 6:

¢ = (cy, 5. ¢3,¢4,C5,¢6) ©)

Please note that the definition of the features ¢;, i € {1,.,6}, is given
in Section 3.1
Consequently, an estimator 7 of r must be learned such that:

A(XX))=¢(eq) 10
¢=H(X) an
& =H(X)) 12)

where G is a regressor trained to minimize the following regression er-
ror:

LSS (% % ,.X,,))
e 3B () o)

where N is the number of training images, X,, is the nth training image,
and X, ; is the result of applying the jth image enhancement algorithm
to X,,.

Let z € R?H be the input for the regressor ¢ in (10). The SVR (Sup-
port Vector Regressor) method is one of our choices for G, so that the
regression is given by:

Gsyr(@) = (W, ¢@)) + f (14)

Qo
: l 2 . *
Jmin Sl AZ, (&+¢)

st or—(W.dE)-p<e+é,
(W, d(z)) +B—y; < e+,
£.E820, i=1,...,0.

where Q = N M is the number of training samples for the SVR, 1 is a reg-
ularization parameter, w is the weight vector, f is the independent term,
e is the margin, &;, & are slack variables, and 7, is the output ground truth
for the ith training sample of the SVR.

The second method chosen for G is the Gradient Boosting Regressor
(GBR). An iterative process is carried out as follows. An initial constant
model (m = 0) is computed:

i=1..,0,
i=1,..,0,

Fy(z) = é gri 1s)
Residuals and leaf values are computed for the next mth model:
tim =1 — F,_1(z;) (16)
- 2er,, fim an
™ #(z, €R,,)

where # stands for the set cardinal operator, and R;,, are the regions
associated with the leaves of a regression tree fitted to the targets ¢,,,.
Then, the next mth model is obtained:
Jm
F,(z) = Fm_l(z)+v27’jm"(ze ij) s)
j=1
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where v is the step size.

Finally, after a predefined number of iterations .5, the process fin-
ishes with ¢ = Fg.

The third regression method that we have considered is XGBoost.
Again, an iterative process is carried out. The mth regressor is given
by:

A= fi(@), fi€F 19
k=1

where f is a regression tree from the function space F. Also, the initial

regressor is FEO) = 0. Then we have:

A =70 fm) 20)
2 1
_ 3 = . 2
S = arg min ; lsir@)+ 3hir@?] +a) @1
OE(r,, F™ D
gi = - (,:l_l) ) (22)
oF

i

&, *"Y)

=

(23)
afgmf 12

T
1
Qf) =T+ Ea;wﬁ @29

with T the number of leaves in the regression tree, w, the weight of the
uth leaf, y the complexity cost per leaf, and A the L2 regularization on
leaf weights.

Once the regressor G is properly trained, the classification of a new
test image X proceeds as follows. First the feature vector ¢é for X is com-
puted by (11). Then the M enhancement algorithms are applied to ob-
tain X j for j € {1,..., M}. Next, the feature vectors ¢; are computed by
(12) for j € {1,..., M}. After that, the estimated goal function values
F(X, X j) are computed by (10). The enhancement algorithm that max-
imizes the goal function r is estimated as:
s=arg max F()A(, Xj) (25)

je{l,...M}

Finally, the vector p of estimated class probabilities for the test im-

age X is computed from the enhanced image X, associated to the sth
enhancement algorithm determined by (25):

p=7(X,) (26)
2.3. Workflow

This subsection goes into the details of the proposed workflow. In the
subsequent experiments, a brightness scaling transformation has been
considered as the corruption process. That is, given an original image
X, the corrupted input image X is obtained as follows:

X = %x @7

where b € R is the brightness scale factor, with » > 1. Note that b =1
does not produce any change in the illumination conditions of the image.

In this work, we have considered M =5 enhancement algorithms.
In particular, they are the no-operation algorithm (as previously men-
tioned, it will be assumed that the first algorithm corresponds to the
no-operation enhancement algorithm) and 4 image enhancement al-
gorithms selected from the literature: Gamma Correction, Histogram
Equalization, Contrast Limited Adaptive Histogram Equalization, and
Logarithmic Transformation. In Fig. 1, a scheme of the operation of the
developed method is shown. The workflow is as follows. First, we have
an input image that has already undergone a decrease in illumination.
Then, we apply each considered image enhancement algorithm to the
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|

FEATURE FEATURE FEATURE FEATURE FEATURE
EXTRACTOR EXTRACTOR EXTRACTOR EXTRACTOR EXTRACTOR
features features features features features

| |

! }

[ REGRESSOR REGRESSOR ] [

REGRESSOR ] [

REGRESSOR REGRESSOR ]

! }

cross — entropy loss cross — entropy loss

cross — entropy loss

} }

cross — entropy loss cross — entropy loss

suitable image enhancement algorithm predicted

Fig. 1. Scheme of the operation of the proposed methodology to predict the suitability of applying an image enhancement algorithm. A dimmed image is processed
by various selected image enhancement algorithms (no-operation algorithm and Histogram Equalization (HE), Contrast Limited Adaptive Histogram Equalization
(CLAHE), Gamma Correction (GC), and Logarithmic Transformation (LT)). For each resulting image, we extract the considered features and use a regressor to compute
the predicted cross-entropy loss (CEL). The method that yields the smallest value is predicted to be the most suitable for optimally enhancing the input image to be

classified.

input image. Subsequently, we extract the features of each generated
image and calculate the prediction of the cross-entropy loss (CEL in the
image) using the regressor. The minimum of these values predicts which
method is, a priori, the suitable one that enhances the input image in
the best way.

3. Experiments

This section details the experiments we have carried out. First, differ-
ent image enhancement algorithms are described. Next, the dataset we
used to train and test our proposal is depicted. Then, it is reported the
setup of these experiments. After that, the obtained results are reported.

3.1. Methods

It is crucial to emphasize that preprocessing techniques for image
classification are essential for training an efficient neural network. In
real-world applications, image quality may be lower due to external fac-
tors, unlike test datasets that contain high-quality images.

By employing image preprocessing techniques, we achieve an en-
hancement in both quality and informative content. To achieve these
improvements, common practices include intensity and contrast manip-
ulation, noise reduction, edge sharpening, filtering, and more.

The first image enhancement algorithm considered in this work is the
Gamma Correction (GC) (Poynton, 2003), which adjusts the relationship
between the input and output intensities of an image using a gamma
power function. In the simplest cases, we can define gamma correction
as follows:

V.

out

- av,

where the input value V;,, is raised to the power of y and multiplied by
the constant A to obtain the output value V,,,.

Secondly, Histogram Equalization (HE) (Patel et al., 2013) is an im-
age processing technique aimed at enhancing contrast by redistributing
the most frequent intensity values present in the image effectively. This
is achieved by expanding the range of available intensities. As a result,
brighter areas become even brighter, and darker areas become darker,
improving the overall contrast of the image and enhancing visibility
and details. In Fig. 2, in the color histograms, it can be observed how
the pixels are redistributed across the tones.

The third algorithm is Contrast Limited Adaptive Histogram Equal-
ization (CLAHE) (Reza, 2004) is a variant of Adaptive Histogram Equal-
ization (AHE), which performs calculations on sections of the image.
Instead of applying a single histogram to the entire image as in the pre-
vious case, it calculates multiple histograms, each corresponding to a
specific section of the image. It then utilizes these histograms to redis-
tribute luminosity values in the image. In the case of CLAHE, the process
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Fig. 2. (a) shows the input image with low contrast, (b) shows the histogram of the input image, (c) shows the histogram equalized image, and (d) shows the
histogram of the processed image (Patel et al., 2013).

Hengetspull i

Fig. 3. Some images from ILSRVC2012 validation image set.

is the same, but it incorporates a contrast-limiting mechanism in each results in an expansion of the dark pixels, highlighting details in darker
section of the image to prevent excessive amplification of noise. areas of the image.
The last selected algorithm is Logarithmic Transformation (LT) Regarding the CNN classifier, some well-known architectures have

(Manikpuri & Yadav, 2014), which applies a logarithmic function to been selected. In particular, it has been used AlexNet (Krizhevsky et al.,
the pixels of the image. When this function is applied to the pixels, it 2012) (8 layers), GoogLeNet (Szegedy et al., 2015) (22 layers), and
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Fig. 4. Feature extractor pipeline.

ResNet (He et al., 2016) architecture (50 layers). We have used pre-
trained models of these classifiers by using the PyTorch library (Paszke
et al., 2019). We have chosen AlexNet, GoogLeNet, and ResNet as back-
bones because they have a low footprint, so that the suitability of our
approach for low-cost, low-power devices is demonstrated.

In relation to the regressors, to perform their training, we have taken
the following image features as independent variables for our problem:

e Mean: the mean of the image pixels.

e Median: the median of the image pixels.

Standard deviation: the standard deviation of the image pixels
Predicted class probability: when making a prediction with a model,
it provides a list of classes and their associated probabilities, sorted
from highest to lowest. Therefore, the first probability in the list is
the predicted class probability for the image. The value of this prob-
ability is an independent variable for our regressor.

Cross entropy loss: the cross entropy loss of the probability distribu-
tion predicted by the classifier model.

We have also used two texture variables obtained with the Gray-
Level Co-occurrence Matrix (GLCM):

¢ Mean maximum texture: the maximum texture is the most dominant
texture present in the image. These are areas or patterns that exhibit
higher contrast in terms of gray levels. Then, the mean of this image
pixels is computed.

Predicted probability by obtaining entropy regarding texture: en-
tropy in this context is a statistical metric to quantify the randomness
or lack of repetitive patterns in the image. Higher entropy indicates a
more complex or less predictable texture, while lower entropy sug-
gests patterns or regularities in the image. After applying this, we
classify the resulting image and obtain the class probability as men-
tioned before.

Fig. 4 exhibits the feature extractor pipeline of the proposed ap-
proach.

Visual representation of model's predictions
1.0 g

0.8
0.6
0.4
0.2

0.0

-0.2
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6.0 6.2 6.4 6.6 6.8
Real cross-entropy loss

Fig. 5. Visual representation of model’s predictions, where the vertical axis rep-
resents the cross-entropy estimation error and the horizontal axis represents the
real cross-entropy loss.

3.2. Dataset

We have used a subset from the ILSRVC2012 validation image set !
from IMAGENET (Russakovsky et al., 2015). IMAGENET is a database
that contains a collection of labeled images organized according to the
WordNet hierarchy. In particular, there are millions of labeled images
spanning over a thousand classes, which causes computer vision and
deep learning tasks to predominantly use it. Fig. 3 exhibits some exam-
ples of images from IMAGENET.

3.3. Setup

First of all, we have created a synthetic dataset from the ILSRVC2012
validation image set by applying different low illumination conditions.

1 https://image-net.org/challenges/LSVRC/2012
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We have conducted tests with different lighting reduction values accord-
ing to several b values. These configurations of b have been chosen from
the results of our previous work (Rodriguez-Rodriguez et al., 2021). The
selected configurations are:

e h=1{1,...,7}, meaning random values of b from 1 to 7.
e b= {3,4,5}, meaning random values of » from 3 to 5.
e h=3.

e h=10.

According to that paper Rodriguez-Rodriguez et al. (2021), b=3
presents the minimum performance difference between the competitors,
while b = 10 represents the image affected by hard low illumination con-
ditions. Note that higher values of b produce practically black images,
while b = 1 represents the image without low illumination conditions.
Regarding the configuration b = {1,...,7}, it represents the usual ran-
dom brightness conditions. About the configuration b = {3,4,5}, it em-
ulates the typical low illumination conditions.

Once a configuration of b has been selected, for each image from the
dataset, a dimmed image is created according to that configuration of 5.
Then, for each dimmed image, the enhancement algorithms are applied.
After that, a classifier predicts the class of each image (the dimmed im-
age and the images generated by the enhancement algorithms). This
way, for each dimmed image, we have samples composed of 5 differ-
ent predictions: the prediction associated with the input dimmed im-
age, and the prediction associated with the image generated by each
considered enhancement algorithm (in this work we have considered 4
enhancement algorithms: HE, CLAHE, GC, and LT). In order to have a
varied and balanced dataset, we only considered those samples that, for
a given dimmed image and its related generated images, had been cor-
rectly classified exactly in only one image, while the remaining images
had not been classified correctly. By employing this process, we have
taken 5000 samples, with 1000 samples for each method.

A 5-fold cross-validation (Refaeilzadeh et al., 2009) over the dataset
has been used to test the performance of the considered regressor, by
using the coefficient of determination (R?) and the Root Mean Squared
Error (RMSE) as metrics.

In order to determine which regressor among the existing literature
would be used in this work, Support Vector Regression (SVR) (Platt,
1999) was chosen due to its good performance in general and its low
number of hyperparameters: kernel, C, epsilon, and gamma. For simplic-
ity, we have used the RBF kernel, which is usually the default option?.
Regarding the remaining parameters, default values are also used in a
preliminary way. In terms of performance, it obtained an R? of 0.96721
and an RMSE of 0.0395. Then, we used validation curves (Scikit-learn,
n.d.) to adjust the hyperparameters. By employing this technique, pa-
rameters C and epsilon were updated (C = 1 and epsilon = 0.0001), and
after that, the performance of the regressor is an R? of 0.99998 and an
RMSE of 0.001.

In Fig. 5, we can observe that the error between the real and pre-
dicted cross-entropy loss is very low, with only a few values having
slightly higher errors (values more dispersed along the vertical axis).

In the learning curve (Scikit-learn, n.d.) at Fig. 6, we can observe
how the model’s performance evolves as more samples are incorporated
during the training process. It provides insight into the statistical per-
formance impact of the model, evaluated through training data and test
data. We can see that the model has a good fit, as the curves correspond-
ing to the training and test sets reach a stable point, and the distance
between them is small. This indicates that the model not only performs
well on the training data but also effectively generalizes to new data,
demonstrating consistency and robustness in its performance.

2 https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVR.html

Expert Systems With Applications 315 (2026) 131696

Table 1

Results of the cross-entropy loss, probability, and predicted class by AlexNet
for each of the proposed image enhancement competitors in dimmed image
ILSVRC2012_val_00018473, whose real class is “forklift”.

Cross-entropy  Predicted Class  Probability ~ Correct
loss prediction
No-operation 6.842 tractor 35.036% No
HE 6.495 forklift 41.346% Yes
CLAHE 6.745 tractor 27.348% No
GC 6.902 tricycle 21.627% No
LT 6.905 tricycle 15.35% No
Randomly: HE 6.495 forklift 41.346% Yes
Proposal SVR: HE 6.495 forklift 41.346% Yes
Proposal GBR: HE 6.494 forklift 41.506% Yes
Proposal XGBR: HE ~ 6.498 forklift 41.506% Yes

Table 2

Results of the cross-entropy loss, probability, and predicted class by AlexNet
for each of the proposed image enhancement competitors in dimmed image
ILSVRC2012_val 00005480, whose real class is “passenger car”.

Method Cross-entropy ~ Predicted Class  Probability — Correct
loss prediction

No-operation 6.862 freight car 15.502% No

HE 6.264 passenger car 64.477% Yes

CLAHE 6.64 passenger car 26.863% Yes

GC 6.82 streetcar 15.137% No

LT 6.832 fire engine 41.292% No

Proposal SVR: HE 6.264
Proposal GBR: HE 6.314
Proposal XGBR: HE ~ 6.315

64.477% Yes
58.995% Yes
58.995% Yes

passenger car
passenger car
passenger car

Gradient Boosting Regressor (GBR)® (Friedman, 2001) and XGB Re-
gressor (XGBR)“, an implementation of XGBoost (eXtreme Gradient
Boosting) algorithm, Chen and Guestrin (2016) have also been added
to the comparison because they are two well-known prominent regres-
sors. Due to the number of parameters of these models, they have been
fixed to default values.

3.4. Results

3.4.1. AlexNet

As mentioned in Section 3.3, we have conducted experiments with
different lighting reductions in the images. Firstly, we create the training
set associated with the lighting reduction we want to test. Subsequently,
we perform the test, in which we will use the regression result to esti-
mate which transformation of the input image is most promising, and
verify that this estimation serves to improve the classification perfor-
mance.

A qualitative result is shown in Fig. 7, where an image with de-
creased illumination and the application of each of the four enhance-
ment algorithms can be observed. The first row details the input image,
its predicted classification, and its real class (ground truth), while the
remaining images correspond to those generated after the application of
an image enhancement algorithm and exhibit their classification predic-
tion. For this image, the results obtained considering the cross-entropy
loss and the predictions of AlexNet can be seen in Table 1. As shown,
our regressor has succeeded in choosing the most appropriate algorithm
for this classification. Another example is depicted in Fig. 8, while their
results are shown in Table 2.

In order to study the goodness of our proposal, we have analyzed its
performance compared with that yielded by other competing alterna-
tives. The competitors we have considered are as follows:

3 https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
GradientBoostingRegressor.html

4 https://xgboost.readthedocs.io/en/latest/python/python_api.html#
xgboost.XGBRegressor
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Fig. 6. Learning curve of the model, where how the curve stabilizes around 4000 samples can be observed, while the distance between the test score and the training

score is very low.

Table 3

Classification accuracy of AlexNet by alternative, depending on the applied lighting reduction.
The lighting reduction configuration is represented in each row, while the competitors are
represented by the columns. For each row, the best result is highlighted in bold while the

second best result is highlighted in italics.

Illumination {1,...,7}
conditions (b)

{3, 4,5}

3 10

No operation 0.319 + 0.0109

HE 0.327 * 0.0131
CLAHE 0.341 + 0.0071
GC 0.409 + 0.01338
LT 0.330 + 0.0189
Random 0.331 * 0.0128

0.438 + 0.0141
0.440 = 0.0113
0.441 + 0.0098

Proposal SVR
Proposal GBR
Proposal XGBR

0.313 + 0.0130
0.310 + 0.0063
0.330 + 0.0083 0.360 + 0.0129 0.235
0.396 + 0.0098
0.346 + 0.0182
0.353 + 0.0497
0.424 + 0.0068
0.424 + 0.0066
0.425 + 0.0135

0.400 + 0.0083 0.055 * 0.0066
0.342 + 0.0164 0.263 + 0.0132
0.0132
0.430 + 0.0144 0.305 + 0.0181
0.317 + 0.0097 0.418 + 0.0166
0.362 + 0.0325 0.220 * 0.0934
0.452 + 0.0089 0.420 * 0.0101
0.454 = 0.0202 0.417 + 0.0200
0.454 + 0.0172 0.418 = 0.0092

I+ 1

+

I+

e Use a CNN classifier with the input image.

e For each enhancement algorithm, use the same classifier with the
transformed version of the input image.

e Use the same classifier with a randomly chosen transformed version
of the input image.

e Use the same classifier with the transformed version of the input im-
age that minimizes the cross-entropy loss estimated by our regressor.

With each of these competitors, we measure their performance by us-
ing well-known metrics, that will help us to understand the behavior of
our regressor and establish a fair comparison between the performance
yielded by the competitors. Table 3 shows the accuracy of each of the
proposed competing alternatives for different lighting reduction con-
figurations, and Table 4 exhibits the F1-score (also known F-measure).
The random selection of one of the considered image enhancement al-
gorithms has been also added as a competitor to the comparison.

According to the obtained results, using our regressor proposal to se-
lect an image enhancement algorithm to be applied to the input image
improves the classification performance of that image in all considered
illumination conditions scenarios. It is interesting to see how, when the

lighting reduction is greater, the LT algorithm achieves the highest accu-
racy of the four considered, while the GC algorithm achieves the highest
accuracy when the lighting reduction is lower. In most cases, the use of
one of the considered enhancement algorithms is better compared with
the use of the no-operation algorithm. Regarding the values of the met-
rics, the use of the GC algorithm offers a better performance than the
no-operation method. However, the use of the proposed methodology
increases that performance.

Additionally, we will perform the statistical Cochran’s Q Test
(Conover, 1999; Fahmy & Bellétoile, 2017; Patil, 1975) to verify that the
observed differences in classification performance among the evaluated
enhancement methods are statistically significant. This non-parametric
statistical test allows us to study whether the proportion of successes is
different for all the images and verify whether a given number of treat-
ments have identical effects on a set of data. By carrying out Cochran’s
Q Test, a statistic and a p-value are obtained: if the p-value is less than
the statistic, it means that there are differences in effectiveness among
the treatments.

The results obtained when performing Cochran’s Q test are detailed
in Table 5. It can be observed that the statistic is greater than the p-value.



J.A. Rodriguez-Rodriguez et al.

Table 4

Expert Systems With Applications 315 (2026) 131696

Classification F1-score of AlexNet by alternative, depending on the applied lighting reduction.
The lighting reduction configuration is represented in each row, while the competitors are
represented by the columns. For each row, the best result is highlighted in bold while the

second best result is highlighted in italics.

Ilumination {,...,7}
conditions (b)

{3, 4,5}

3 10

No operation 0.319 * 0.0137

HE 0.327 + 0.0082
CLAHE 0.341 + 0.0095
GC 0.409 + 0.0131
LT 0.330 + 0.0165
Random 0.328 = 0.0084

Proposal SVR
Proposal GBR

0.439 = 0.0164
0.439 + 0.0176

0.313 + 0.0171
0.310 + 0.0212 0.342 + 0.0164 0.263 + 0.0137
0.330 + 0.0181 0.360 + 0.0103 0.235 + 0.0098
0.396 + 0.0222
0.346 + 0.0189
0.349 + 0.0522
0.424 + 0.0165
0.424 + 0.0130

0.400 = 0.0081 0.055 + 0.0034

0.430 + 0.0068 0.305 + 0.0077
0.317 + 0.0132 0.418 + 0.0128
0.354 + 0.0259 0.167 + 0.1604
0.452 + 0.0085 0.421 * 0.0116
0.454 + 0.0205 0.417 + 0.0088

Proposal XGBR 0.441 =+ 0.0099 0.426 + 0.0128 0.454 + 0.0153 0.418 = 0.0113
Table 5
Results of the statistic and the p-Value of the Cochran’s Q test on AlexNet.
Illumination Statistic Statistic Statistic p-Value
conditions (b))  Proposal SVR Proposal GBR Proposal XGBR
{1, ...,7} 2114.294 + 74.7621 2110.165 + 107.5590 2117.648 + 39.6683 ~ 0.0
{3,4,5} 2162.798 + 39.3147 2155.694 + 37.7328 2162.353 * 65.2444 ~ 0.0
3 2039.105 + 32.6191 2043.656 + 84.6751 2037.752 * 62.5290 ~0.0
10 2737.824 + 36.8000 2673.720 *+ 104.7350 2695.001 + 84.5296 ~ 0.0

ILSVRC2012_val_00018473.JPEG

b = 4: tractor

Real class: forklift

ghait

ft

Al

LT: tricycle

GC: tricycle

Fig. 7. Comparison between the image enhancement algorithms applied over
the dimmed image ILSVRC2012_val 00018473 where the bright scale was set
to b = 4, and their posterior classification predictions provided by AlexNet. The
first row exhibits the raw image with its real class (ground truth) and the
dimmed version of that image for the selected value of » and its prediction.
The second and third rows exhibit the image after applying the selected image
enhancement algorithm over the dimmed image and its prediction.

ILSVRC2012_val_00005480.JPEG

b = 6: freight car

GC: streetcar LT: fire engine
Fig. 8. Comparison between the image enhancement algorithms applied over
the dimmed image ILSVRC2012_val 00005480 where bright scale was set to
b = 6 and their posterior classification predictions provided by AlexNet. The first
row exhibits the raw image with its real class (ground truth) and the dimmed
version of that image for the selected value of b and its prediction. The second
and third rows exhibit the image after applying the selected image enhancement
algorithm over the dimmed image and its prediction.
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Classification accuracy of GoogLeNet by alternative, depending on the applied lighting reduc-
tion. The lighting reduction configuration is represented in each row, while the competitors
are represented by the columns. For each row, the best result is highlighted in bold while the
second best result is highlighted in italics.

Illumination
conditions (b)

{1,..,7}

{3, 4,5} 3

10

No operation

0.598 + 0.0147

0.606 + 0.0110

0.645 + 0.0157

0.371 + 0.0137

HE 0.636 + 0.0212 0.631 + 0.0146 0.342 + 0.0164 0.570 + 0.0155
CLAHE 0.639 + 0.0194 0.630 = 0.0197 0.648 += 0.0119 0.572 + 0.0076
GC 0.650 + 0.0214 0.642 + 0.0202 0.650 + 0.0119 0.587 + 0.01254
LT 0.608 + 0.0165 0.606 + 0.0225 0.594 + 0.0089 0.643 + 0.0094
Random 0.619 + 0.0343 0.635 + 0.0147 0.635 + 0.0221 0.549 + 0.1081
Proposal SVR 0.680 + 0.0178 0.667 + 0.0235 0.675 + 0.0156 0.642 + 0.0065
Proposal GBR 0.681 + 0.0108 0.667 * 0.0175 0.675 + 0.0168 0.642 + 0.0107
Proposal XGBR 0.681 =+ 0.0053 0.666 + 0.0096 0.675 = 0.0075 0.643 + 0.0165
Table 7
Results of the statistic and the p-Value of the Cochran’s Q test on GoogLeNet.
Ilumination Statistic Statistic Statistic p-Value
conditions (b))  Proposal SVR Proposal GBR Proposal XGBR
{1, ...,7} 1131.826 + 80.1311 1134.441 + 38.9547 1134.804 + 23.4257 ~0.0
{3,4,5} 1170.206 + 87.3804 1165.517 + 40.3810 1165.614 + 35.1732 ~0.0
3 1161.431 *= 42.5365 1163.382 * 60.4025 1163.750 * 41.3265 ~0.0
10 1537.832 + 42.6984 1539.884 + 43.4403 1539.799 + 55.6194 ~0.0
Table 8

Classification accuracy of ResNet by alternative, depending on the applied lighting reduction.
The lighting reduction configuration is represented in each row, while the competitors are
represented by the columns. For each row, the best result is highlighted in bold while the
second best result is highlighted in italics.

Mlumination {1,..,7} {3,4,5} 3 10
conditions (b)
No operation 0.784 + 0.0164 0.781 = 0.0127 0.797 + 0.0137 0.774 + 0.0087
HE 0.772 = 0.0160 0.761 + 0.0120 0.783 = 0.0065 0.746 + 0.0127
CLAHE 0.762 + 0.0185 0.758 + 0.0121 0.768 + 0.0116 0.743 + 0.0100
GC 0.782 + 0.0201 0.780 + 0.0154 0.792 + 0.0107 0.771 £ 0.0090
LT 0.759 + 0.0143 0.760 + 0.0113 0.775 + 0.0106 0.763 + 0.0092
Random 0.775 * 0.0172 0.768 + 0.0090 0.791 + 0.0105 0.757 + 0.0204
Proposal SVR 0.784 *+ 0.0149 0.779 + 0.0160 0.795 + 0.0113 0.775 + 0.0085
Proposal GBR 0.783 + 0.0178 0.782 + 0.0104 0.796 = 0.0077 0.775 + 0.0087
Proposal XGBR 0.783 = 0.0227 0.781 + 0.0167 0.796 = 0.0068 0.775 *= 0.012
Table 9
Results of the statistic and the p-Value of the Cochran’s Q test on ResNet.
Ilumination Statistic Statistic Statistic p-Value
conditions (b))  Proposal SVR Proposal GBR Proposal XGBR
{1, ..., 7} 737.222 + 61.4752 736.957 + 51.0689 733.995 + 89.3801 ~ 0.0
{3, 4, 5} 760.273 + 54.9314 757.523 + 55.8848 758.908 + 53.3188 ~0.0
3 709.853 + 52.9625 707.508 + 28.6331 707.493 + 33.2127 ~ 0.0
10 760.002 + 36.5668 765.687 + 27.8512 763.027 + 54.3129 ~ 0.0
Therefore, it can be said that there are differences in effectiveness among Table 10

the treatments. Additionally, the p-value is very low, which means that
these differences are highly significant. Therefore, it is validated that
the methodology we have proposed provides a statistically significant
advantage.

3.4.2. GoogLeNet and ResNet

In addition, we have conducted experiments using both GoogLeNet
and ResNet architectures to assess the generalization of the approach
across different deep learning models. We have analyzed the classifi-
cation accuracy for each alternative depending on the applied lighting
reduction, as well as the statistic and p-value of Cochran’s Q test for
each model.

By conducting the experiments with GoogLeNet in Table 6, we ob-
serve that for the lighting conditions b = {1, ..., 7}, b = {3, 4, 5}, and
b = 3, our regressor achieves higher accuracy. For b = 10, the LT algo-

10

Average reading time of the
image (in seconds).

Reading the Image

0.0026 = 0.000144

rithm performs slightly better, with an improvement of one hundredth.
Looking at the metric values, the GC algorithm performs better than the
no-operation method. Also, using the proposed method improves the
results even more.

Similarly, for GoogLeNet, the statistic once again exceeds the p-
value (Table 7), confirming the presence of differences in treatment ef-
fectiveness. The very low p-value reinforces the significance of these
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Average enhancement time using HE, CLAHE, GC, and LT (in seconds).

HE CLAHE

GC

LT

0.0013 + 0.000166

0.0025 + 0.000355

0.0008 * 0.000127

0.0046 + 0.000453

Table 12
Average feature extraction time using AlexNet,
GoogleNet, and ResNet (in seconds).

AlexNet GoogleNet ResNet

1.2707 + 0.0224 0.9456 + 0.196 1.3831 + 0.146

Table 13
Average regression time using SVR, GBR, and XGBR (in seconds).

SVR GBR XGBR

0.0014 +8.01 x 107° 0.0014 +5.83 x 107 0.0017 + 0.000105

differences, supporting the conclusion that our proposed methodology
provides a statistically significant improvement.

For ResNet, we can observe that without applying any operation, the
neural network is able to achieve good accuracy under all lighting con-
ditions, as reported in Table 8. In this case, our regressor obtains better
results forb = 1, ..., 7 and b = 10. Looking at the metric values, the no-
operation method performs better than the other considered algorithms.
Additionally, using the proposed method improves the results in half of
the cases.

Although the statistic is lower than that of the other classifiers, it
still exceeds the p-value, as shown in Table 9.

In order to evaluate the computational performance of the proposed
methodology, we measured the average execution times required at dif-
ferent stages of the pipeline. Specifically, Table 10 reports the average
reading time of the image, Table 11 presents the average enhancement
times obtained with the four considered methods (Histogram Equaliza-
tion (HE), Contrast Limited Adaptive Histogram Equalization (CLAHE),
Gamma Correction (GC), and Linear Transformation (LT)), Table 12
shows the average feature extraction times when using the three se-
lected CNNs (AlexNet, GoogleNet, and ResNet), and Table 13 provides
the average regression times for three regression models (Support Vec-
tor Regression (SVR), Gradient Boosting Regression (GBR), and Extreme
Gradient Boosting Regression (XGBR)).

3.5. Discussion

As expected, the worse the illumination conditions the worse the
classification performance yielded by the classifiers. This effect is es-
pecially damaging in the most complex lighting reduction configura-
tion for those architectures with a lower complexity, such as AlexNet
or GoogLeNet, where the performance dramatically drops (AlexNet is
more affected than GoogLeNet); however, the largest architectures, such
as ResNet, practically achieve the same performance as when image
brightness is usual. Therefore, under more challenging illumination con-
ditions, it is suggested that the higher the CNN architecture’s complex-
ity, the lower the performance degradation.

In the majority of cases, applying one of the evaluated enhance-
ment algorithms yields better results than using no enhancement at all.
Therefore, in general, under typical illumination conditions, applying
one of the considered enhancement algorithms is recommended, as it
will likely outperform the case where no preprocessing is applied. In
particular, the GC enhancement algorithm surpasses the remaining al-
gorithms. Additionally, it is remarkable to observe how LT algorithm
achieves the highest accuracy of the four considered enhancement algo-
rithms under extremely lighting reductions; however, when the lighting
reduction is lower, GC algorithm achieves the highest accuracy.
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Although this performance improvement is noticeable, it is even
greater when applying the proposed approach. In particular, using the
proposal when employing Alexnet and GoogLeNet as classifiers outper-
forms the accuracy by more than 8 points in terms of accuracy under
general conditions, and more than 27 points in images affected by hard
low illumination conditions.

In the particular case of ResNet, it, without using an enhancement
algorithm, performs similarly (even better) than using it. Thus, linked to
the analysis of its behaviour under different illumination conditions, this
suggests that the largest CNNs may decently deal with brightness with-
out needing image preprocessing. Compared with the proposal’s perfor-
mance, both are analogous.

Regarding the restrictions of the proposal, the most critical con-
straint resides in its computational cost: it is directly influenced by the
number of enhancement algorithms available to be applied. Therefore,
higher values of algorithms result in greater computational time. Ad-
ditionally, the complexity of each enhancement algorithm further con-
tributes to the overall computational cost.

4. Conclusions

A methodology composed of several image enhancement algorithms
and a trained regressor has been proposed in order to improve the classi-
fication prediction performance provided by pre-trained CNNs to a given
input image, probably affected by low image conditions. The trained re-
gressor analyzes different features of the images to determine how clas-
sification performance changes (either improving or declining) between
the original image and the enhanced version of that image. These eval-
uations are then used to choose the most effective image enhancement
algorithm for optimizing classification results by the CNN. Experiments
were defined considering a wide range of usual normal or low illumi-
nation conditions for input images, four well-known image enhance-
ment algorithms (Gamma Correction, Histogram Equalization, Contrast
Limited Adaptive Histogram Equalization, and Logarithmic Transforma-
tion), and three distinguished pre-trained models (AlexNet, GoogLeNet,
and ResNet). The obtained results have demonstrated the goodness of
the proposal, and statistical tests have been employed to confirm that
the results achieved have substantial importance: in most cases, the im-
age enhancement algorithm indicated by the regressor offered a better
classification performance than the remaining methods. This way, given
an input image probably affected by low illumination conditions, the
proposed methodology might improve the CNN performance by auto-
matically applying the most suitable image enhancement algorithm to
the input image.
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