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Abstract
To address the gradient reversal problem that occurs in the network when sam-
ples are misclassified in the objective function established based on the tra-
ditional Minimum Classification Error (MCE) criterion, the Minimum Classi-
fication Error criterion is introduced, and an FMCE objective function with a
correction term is defined. Using cross-entropy with higher accuracy as the base
function and FMCE as the correction function, an improved cross-entropy ob-
jective function CE-FMCE is proposed, which enhances the probability of label
class output during network backpropagation. CE-FMCE not only overcomes
the gradient reversal problem of the traditional MCE objective function, but
also remedies the deficiency of the cross-entropy function in its indiscriminate
handling of gradients for non-label sets. Comparative experiments were con-
ducted on CE-FMCE against MSE, cross-entropy, MCE, and M3CE on both a
self-constructed typhoon cloud image dataset and the universal MNIST dataset,
and the experimental results demonstrate that CE-FMCE outperforms other
objective functions.
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Abstract: The traditional objective function based on the minimum classifi-
cation error criterion (MCE) suffers from gradient inversion problems in the
network when samples are misclassified. This paper introduces the minimum
classification error criterion and defines an FMCE objective function with a cor-
rection term. Using the high-precision cross-entropy as the base function and
FMCE as the correction function, we propose an improved cross-entropy ob-
jective function CE-FMCE that enhances the probability of label class output
during backpropagation. CE-FMCE not only overcomes the gradient inversion
problem of traditional MCE objective functions but also compensates for the
deficiency of cross-entropy functions in indiscriminately handling gradients for
non-label sets. Comparative experiments between CE-FMCE and MSE, cross-
entropy, MCE, and M3CE were conducted on both a self-built typhoon cloud
image dataset and the general MNIST dataset. Experimental results demon-
strate that CE-FMCE outperforms other objective functions.

Keywords: deep learning; convolutional neural network; cross-entropy; mini-
mum classification error criterion; typhoon rating

0 Introduction
Deep learning is currently a popular machine learning algorithm that addresses
the weak generalization capability of shallow neural networks for complex classi-
fication problems by simulating the human brain’s hierarchical learning process
to extract deep abstract features from natural information, thereby improving
generalization ability [1]. Convolutional neural networks (CNNs), one of the
successful models in deep learning applications, were proposed by LeCun [7]
in 1989. However, CNNs only achieved significant progress in image recogni-
tion applications after error rates were reduced by 9% [8]. Current research on
CNN weight optimization methods primarily focuses on selecting appropriate
network parameters (such as variable-size convolution kernels [9], parameter
pooling [10], Dropout zeroing rates [11], etc.) and using activation functions
with better sparsity characteristics (e.g., ReLU, Leaky ReLU, PReLU, etc.).
Among weight optimization methods, the objective function is crucial as it rep-
resents the current state of the network and provides parameter gradients in
the gradient descent algorithm during training. If the gradient in the output
layer is too small, after attenuation through deep layers, lower layers essentially
receive no effective training signals. Constructing objective functions has be-
come a research hotspot for achieving optimal network weights and improving
generalization capability.

Commonly used objective functions in convolutional neural network algorithms
include mean square error (MSE) and cross-entropy. MSE is more suitable
for regression problems. Papoulis et al. [13] argued that MSE estimates pos-
terior probabilities in classification problems, and when the network’s output
function is sigmoid, the network suffers from gradient vanishing. With CNN de-
velopment, research has shown that cross-entropy loss functions have fewer flat
regions than MSE, making it easier for networks to escape local optima [14, 15].
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Therefore, using cross-entropy as the objective function yields better results for
multi-classification problems. Current research on objective functions mostly
focuses on introducing relevant parameter terms based on cross-entropy for spe-
cific problems. For instance, Gui Zhe added an intra-individual difference loss
function as a regularization term for face recognition, enabling the network to
learn feature vectors belonging to the same person to be as similar as possible in
space [12]. However, cross-entropy does not distinguish gradients for non-label
dimensions during gradient descent, treating them with identical training. This
prevents the classifier from effectively distinguishing the label class from the
most easily confused class, thereby reducing model accuracy.

If a classifier can distinguish the correct class from the most easily confused cate-
gory during training, the error rate will inevitably decrease. Juang et al. [16] first
introduced the minimum classification error (MCE) method into shallow neural
network training. Their proposed objective function considered the most con-
fusing category in the non-label set to reduce classification error rates. However,
the logistic objective function based on minimum classification error construc-
tion suffers from gradient vanishing. When deep CNNs adjust network weights
through backpropagation, gradient saturation in the topmost objective function
affects network training. Therefore, traditional convolutional neural networks
typically use a softmax layer as the output function.

To overcome gradient saturation problems, Feng et al. [17] proposed establish-
ing an objective function based on max-margin minimum classification error
(M3CE). However, when samples are misclassified, M3CE exhibits partial non-
label dimensions where the gradient direction is opposite to that of cross-entropy,
leading to insufficient training information and reduced convergence speed dur-
ing backpropagation, thus limiting its widespread application.

To overcome the gradient direction problems in traditional MCE objective func-
tions, this paper introduces the minimum classification error criterion, defines
an FMCE objective function with a correction term, and proposes a corrected
cross-entropy objective function (CE-FMCE) based on the minimum classifi-
cation error criterion. CE-FMCE not only overcomes the gradient direction
problem of traditional MCE objective functions but also compensates for the
deficiency of cross-entropy in indiscriminately handling gradients for non-label
dimensions. This objective function is applied to both a self-built typhoon
satellite cloud image dataset and the MNIST handwritten digit database. Com-
parative experiments under the CNN framework demonstrate the effectiveness
of the proposed CE-FMCE objective function.

1 Traditional Convolutional Neural Networks
Convolutional neural networks consist of alternating convolutional and sam-
pling layers. The network training process includes forward propagation and
backpropagation. In forward propagation, convolutional layers perform implicit
feature extraction on input images through convolution operations with layer
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kernels, while sampling layers downsample feature maps to reduce image res-
olution, decrease computation, and improve network convergence speed. The
network employs residual backpropagation rules [18] during backpropagation,
transmitting from the output layer to input layers layer by layer, continuously
reducing the model objective function and updating each neuron’s weights to
obtain optimal network weights. These two processes cycle iteratively until
the objective function reaches a specified threshold or maximum iterations are
reached.

The residual represents the error signal between the network’s actual output
and expected output. For a network with depth 𝐿, the output layer residual
can be expressed as 𝛿𝐿 = 𝜕ℓ

𝜕𝑧𝐿
, where ℓ is the loss function and 𝑧𝐿 is the output

layer’s pre-activation.

Let 𝑧𝑗 be the input to the softmax function. The value of the 𝑗-th neuron in
the output layer is expressed as:

𝑝𝑗 = exp(𝑧𝑗)
∑𝑚

𝑖=1 exp(𝑧𝑖)

where 𝑚 represents the number of sample classes.

For a training set containing 𝑁 samples, the cross-entropy function is expressed
as:

𝐿 = − 1
𝑁

𝑁
∑
𝑛=1

𝐶
∑
𝑐=1

𝑦𝑛𝑐 log(𝑝𝑛𝑐)

Since the training error is the sum of errors from all samples, for convenience
of analysis, we consider only a single sample here. The output layer residual 𝛿𝐿
can be expressed as:

𝛿𝐿,𝑗 = {𝑝𝑗 − 1, 𝑗 = 𝑘
𝑝𝑗, 𝑗 ≠ 𝑘

where 𝑘 denotes the sample’s label dimension. According to this formula, when
the dimension being solved is the sample’s label dimension (𝑗 = 𝑘), the cross-
entropy function does not distinguish gradients for all non-label dimensions dur-
ing backpropagation but trains them identically, reducing network convergence
speed and training accuracy.

2 Improved MCE Objective Function Algorithm and Proof
2.1 Improved MCE Objective Function Algorithm

To address the problems with cross-entropy functions in traditional CNNs, we
can optimize CNNs by establishing an objective function using the minimum
error criterion based on cross-entropy. By defining a misclassification measure
and applying different training methods to different non-label dimensions, we
compensate for cross-entropy’s deficiencies.
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The objective function based on minimum classification error is generally defined
through three steps: a) For a certain class 𝑐, define a discriminant function 𝑔𝑐(𝑧)
b) For each sample feature in class 𝑐, given a misclassification measure 𝑑𝑐(𝑧) c)
Construct an objective function ℓ(𝑑𝑐(𝑧))
Traditional methods only consider the influence of 𝑑𝑐(𝑧) when establishing
ℓ(𝑑𝑐(𝑧)). For example, using logistic objective functions leads to gradient
vanishing as network depth increases. M3CE defines ℓ(𝑑𝑐(𝑧)) such that when
samples are misclassified, only the misclassified dimension has a positive
gradient. Comparing with the cross-entropy formula reveals this gradient
direction is opposite to cross-entropy, causing decreased convergence speed and
insufficient training. To prevent erroneous signals from propagating to network
底层 and causing unpredictable errors, this paper improves MCE by proposing
the FMCE objective function.

The definition process is as follows: a) For multi-classification problems, net-
works use softmax as the output layer. Therefore, this paper adopts the softmax
function as the discriminant function 𝑔𝑘(𝑧) = 𝑝𝑘.

b) If a classifier can separate the correct class from the most easily misclas-
sified class, the network’s recognition rate will improve. Therefore, the
misclassification measure 𝑑𝑘(𝑧) is defined as:

𝑑𝑘(𝑧) = −𝑔𝑘(𝑧) + ( 1
𝐶 − 1 ∑

𝑗≠𝑘
𝑔𝑗(𝑧)𝜉)

1/𝜉

where 𝑘 is the sample’s label class and 𝑟 represents the most easily mis-
judged class for the sample’s label class in the softmax function output.

When 𝑑𝑘(𝑧) > 0, the model produces misclassification. Traditional MCE objec-
tive functions increase the influence of erroneous information on the network,
reducing model robustness. Therefore, when 𝑑𝑘(𝑧) > 0, we add a correction
term 𝛼. For a single sample, the expression of ℓ(𝑑𝑘(𝑧)) is:

ℓ(𝑑𝑘(𝑧)) = {ln(1 + exp(𝑑𝑘(𝑧))), 0 < 𝑑𝑘(𝑧) < 1
ln(1 + exp(−𝑑𝑘(𝑧))), −1 < 𝑑𝑘(𝑧) ≤ 0

The relationship between the gradient direction and 𝑑𝑘(𝑧) can be summarized
in .

Table 1. Objective Function Gradient Analysis

Since softmax output can represent posterior probability, 𝑑𝑘(𝑧) = −𝑝𝑘 + 𝑝𝑟.
When a sample changes from misclassification to correct classification, 𝑑𝑘(𝑧)
changes from 1 to -1. Analyzing Table 1, equations (11)-(12), and (4), we
find that when 𝑑𝑘(𝑧) > 0 (sample misclassified), our method achieves differen-
tiated processing of non-label dimension gradients while ensuring the gradient
direction of ℓ(𝑑𝑘(𝑧)) is consistent with cross-entropy. When 𝑑𝑘(𝑧) < 0 (sample
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correctly classified), the gradient direction also remains consistent with cross-
entropy. Therefore, our method ensures improved output for the correct class
while applying different training to non-label classes, proving theoretical feasi-
bility.

In summary, ℓ(𝑑𝑘(𝑧)) can serve as a supplement to 𝐿𝐶𝐸, meaning FMCE can
optimize CNNs as a cross-entropy supplement. Therefore, we introduce FMCE
into cross-entropy to form the CE-FMCE objective function, with the final ex-
pression:

𝐿𝐶𝐸−𝐹𝑀𝐶𝐸 = 𝐿𝐶𝐸 + 𝛼𝐿𝐹𝑀𝐶𝐸

2.2 Proof of Improved MCE Objective Function

We provide theoretical derivation of the output layer residual for the objective
function to prove FMCE’s feasibility. For analysis convenience, we consider
only a single sample, simplifying equation (8) to:

𝐿𝐹𝑀𝐶𝐸 = {ln(1 + exp(𝑑𝑘(𝑧))), 0 < 𝑑𝑘(𝑧) < 1
ln(1 + exp(−𝑑𝑘(𝑧))), −1 < 𝑑𝑘(𝑧) ≤ 0

The output layer residual in gradient descent is 𝛿𝐹𝑀 = 𝜕𝐿𝐹𝑀𝐶𝐸
𝜕𝑧𝑗

. Since 𝑑𝑘(𝑧)
relates to 𝑝𝑘 and 𝑝𝑟, we discuss them separately.

For 𝑗 = 𝑘 (label dimension):

𝜕𝐿𝐹𝑀𝐶𝐸
𝜕𝑧𝑘

= {(1 − 𝑝𝑘)𝜎(𝑑𝑘(𝑧)), 0 < 𝑑𝑘(𝑧) < 1
−(1 − 𝑝𝑘)𝜎(−𝑑𝑘(𝑧)), −1 < 𝑑𝑘(𝑧) ≤ 0

For 𝑗 = 𝑟 (most confusing class):

𝜕𝐿𝐹𝑀𝐶𝐸
𝜕𝑧𝑟

= {−𝑝𝑟𝜎(𝑑𝑘(𝑧)), 0 < 𝑑𝑘(𝑧) < 1
𝑝𝑟𝜎(−𝑑𝑘(𝑧)), −1 < 𝑑𝑘(𝑧) ≤ 0

For 𝑗 ≠ 𝑘 and 𝑗 ≠ 𝑟 (other non-label dimensions):

𝜕𝐿𝐹𝑀𝐶𝐸
𝜕𝑧𝑗

= {−𝑝𝑗𝜎(𝑑𝑘(𝑧)), 0 < 𝑑𝑘(𝑧) < 1
𝑝𝑗𝜎(−𝑑𝑘(𝑧)), −1 < 𝑑𝑘(𝑧) ≤ 0

where 𝜎(𝑥) = 1
1+exp(−𝑥) is the sigmoid function.

Since 𝑝𝑘, 𝑝𝑟 ∈ [0, 1] and 𝑑𝑘(𝑧) ∈ [−1, 1], we have 0 < 𝜎(𝑑𝑘(𝑧)) < 1 and
0 < 𝜎(−𝑑𝑘(𝑧)) ≤ 1. The analysis shows that when 0 < 𝑑𝑘(𝑧) < 1 (misclas-
sification), our method achieves differentiated processing of non-label dimen-
sion gradients while ensuring gradient direction consistency with cross-entropy.
When −1 < 𝑑𝑘(𝑧) ≤ 0 (correct classification), gradient direction also remains
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consistent with cross-entropy. Therefore, the proposed method theoretically cor-
rects the gradient reversal problem in M3CE [17] when misclassification occurs,
while improving correct class output and applying different training to non-label
classes, proving theoretical feasibility.

3 Experimental Results and Analysis
3.1.2 Results Comparison

All comparative experiments in this paper were conducted on a Windows 10
system with Intel Core i5-6500M 3.2 GHz CPU and 4 GB memory, using the
TensorFlow-based Keras deep learning framework. Experiments were divided
into two groups: the first group used our self-built typhoon satellite cloud image
dataset to prove CE-FMCE’s feasibility for typhoon level classification, while
the second group used the general MNIST handwritten digit database to verify
CE-FMCE’s universality. Both groups employed the network model described
in Section 2.3 and compared CE-FMCE with widely used objective functions,
achieving expected results.

Model accuracy was evaluated through correctness rate. Assuming the true
class label for the 𝑛-th sample among 𝑁 samples is 𝑦𝑛

𝑡𝑟𝑢𝑒 and the predicted class
label is 𝑦𝑛

𝑝𝑟𝑒𝑑, the model classification accuracy is:

𝐴𝐶𝐶 = 1
𝑁

𝑁
∑
𝑛=1

𝕀(𝑦𝑛
𝑡𝑟𝑢𝑒 = 𝑦𝑛

𝑝𝑟𝑒𝑑)

In the first experiment, we compared our proposed objective function with MSE
and cross-entropy. The network accuracy over 200 iterations is shown in [Figure
3: see original paper].

Figure 3. Training Results with Different Objective Functions

Comparison reveals that cross-entropy improves network optimization over
MSE, achieving 96.25% accuracy after 200 iterations. CE-FMCE achieves
better results than other objective functions, reaching 98.0% network accu-
racy with the fastest convergence speed, while MSE and cross-entropy show
unsatisfactory convergence.

We compared CE-FMCE with widely used multi-classification objective func-
tions on both training and test sets, with results shown in .

Table 3. Model Accuracy with Different Objective Functions

Objective Function Training Set (%) Test Set (%)
MSE 95.4 82.0
Cross-entropy - 83.38
M3CE [17] 97.0 84.59
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Objective Function Training Set (%) Test Set (%)
CE-FMCE 98.0 86.78

MSE achieved 95.4% and 82.0% accuracy on training and test sets respectively.
Cross-entropy reached 83.38% test set accuracy. M3CE [17] improved both
training and test set accuracy to 97.0% and 84.59% respectively, a 1.21% im-
provement over cross-entropy. Our CE-FMCE achieved 98.0% training set ac-
curacy and 86.78% test set accuracy after 200 iterations, 1.75% higher than
cross-entropy on the training set and 3.4% higher on the test set. CE-FMCE
theoretically corrects M3CE’s gradient reversal problem during misclassifica-
tion, which is well validated in Table 3, proving CE-FMCE’s feasibility with a
2.19% test set accuracy improvement over M3CE.

3.2 CE-FMCE Comparison Experiments on MNIST Dataset

To verify CE-FMCE’s universality, the second group of experiments employed
the general MNIST handwritten digit database. The MNIST dataset contains
10 classes of handwritten digits (0-9) with 42,000 training samples and 10,000
test samples at 28$×$28 resolution, with partial samples shown in [Figure 4:
see original paper].

Figure 4. Partial MNIST Dataset Samples

The second group compared CE-FMCE with other objective functions on
MNIST using the same network model as the first group. MNIST samples were
converted to 28$×28×$1 format as network input, with models trained for 100
iterations. Results are shown in .

Table 4. Model Accuracy with Different Objective Functions

Objective Function Training Set (%) Test Set (%)
M3CE [17] 99.87 99.06
CE-FMCE 99.92 99.11

CE-FMCE achieved 99.92% training set accuracy and 99.11% test set accuracy,
a 0.05% improvement over M3CE on the test set and superior performance
to other objective functions. However, the accuracy improvement is relatively
small compared to other multi-classification objective functions, because MNIST
digits have minimal noise interference and low recognition difficulty, resulting
in high baseline accuracy.

Comparison between Tables 3 and 4 shows that CE-FMCE provides more sig-
nificant accuracy improvements for images with complex features.
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4 Conclusion
Deep learning achieves complex function approximation through deep nonlinear
networks to express deep abstract features of natural images, overcoming the
weak generalization capability of traditional shallow neural networks for com-
plex classification problems. Current deep learning research primarily focuses
on optimizing network parameters. As a crucial component of deep learning
algorithms, the objective function not only characterizes the current network
state but also provides parameter gradients in the network’s gradient descent
algorithm. Therefore, this paper studies objective functions and proposes CE-
FMCE, a corrected cross-entropy objective function based on MCE, to address
gradient problems in traditional MCE-based objective functions. Compara-
tive experiments on our self-built typhoon cloud image dataset and the gen-
eral MNIST handwritten digit database demonstrate that CE-FMCE achieves
expected results compared with widely used objective functions (MSE, cross-
entropy, MCE, and M3CE), fully proving our method’s feasibility and providing
a new research direction.

The deep learning algorithm based on the improved minimum classification error
criterion differentiates gradients in the non-label set, resulting in longer batch
processing times while not significantly improving recognition accuracy for sim-
ple feature samples. Therefore, future research will focus on parallelization to
improve efficiency and further optimization.
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