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Abstract

The timely and precise diagnosis of colorectal cancer is a critical area for enhancing the quality of care for patients, which could
lead to better outcomes. Despite the fact that deep learning has demonstrated great potential in the field of histopathological
image analysis, the accuracy of models can be influenced by various factors, including network architecture, optimization
method, and data imbalance. The aim of this study is to explore the impact of various optimization algorithms on the classifi-
cation of colorectal cancer in CRC-VAL-He-7 K database. A hybrid lightweight (HYL) model was designed and tested using
the CNN, DeeperCNN, ResNetLike, DenseNet121, EfficientNetB0, and LZRMLP architectures. For the purpose of improving
model reliability, it was decided to use grid search for the automatic tuning of the hyperparameters, and class imbalance issues
were tackled by the following data augmentation and class-weighted learning techniques: five optimizers: Adam, AdamW,
RMSprop, SGD, and Adadelta were evaluated in identical experiments. Both model architecture and the choice of optimizer had
a profound influence on the results of classification. The proposed hybrid lightweight model provided competitive accuracy while
requiring fewer computational resources, whereas EfficientNetBO and DenseNet121 exhibited the best overall performance.
The results of statistical analysis also showed significant differences between the model-optimizer combinations evaluated. The
results offer real-world applications for designing effective and accurate deep learning systems for colorectal cancer diagnosis
and highlight the need for optimization and data-balancing approaches in medical image classification.

Keywords Colorectal cancer - Deep learning - Grid search - Optimization algorithms - Hybrid lightweight model - Medical
image analysis

Introduction

Colorectal cancer (CRC) ranks as one of the most common
types of cancer around the world and has become one of the
leading causes of cancer-related deaths [1, 2]. This cancer
affects both men and women, and the frequency of its occur-
rence has been rising over the years [3—5]. Colorectal cancer
arises in the colon or rectum and often begins in the form
of benign polyps that may convert into cancerous tumors
due to late diagnosis [6—8]. More recently, weakly super-
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vised colorectal polyp segmentation has been strengthened
through text-image co-alignment, in which structured clini-
cal descriptions provide semantic supervision for localizing
abnormal regions [9]. The key to success in treatment is early
diagnosis. However, in practice, professionals typically per-
form the diagnosis manually by examining medical images
and slides. This process is lengthy and yields varying results,
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depending on the professional’s skills in conducting the diag-
nosis and analyzing the images. This leads to inconsistent
outcomes and adds a burden to specialists with experience in
this domain. Due to these factors, artificial intelligence, par-
ticularly deep learning, is increasingly being applied to medi-
cal image analysis, including weakly supervised transformer-
based computational pathology systems that support diagnosis
and molecular marker discovery [10—13]. Transfer learning
and ensemble-based approaches have also been integrated
with explainability techniques to improve the transparency
and diagnostic utility of medical image classification systems
[14-17]. Beyond diagnostic classification, deep convolutional
networks have been applied to histopathological images to
predict clinically important outcomes such as cancer metasta-
sis and recurrence risk [18]. Diagnostic assessment may also
vary depending on the imaging modality used, as MRI and
endorectal ultrasonography have distinct strengths and limita-
tions in the preoperative local staging of rectal cancer [19].
Even though advancements have taken place, there are still
problems that need to be addressed. Existing studies primarily
focus on improving model accuracy by applying deep architec-
tures such as CNNss or transfer learning, but devote less effort
to optimizers, hyperparameter sensitivity, training stability, and
related aspects. It is also important to note that current work
mostly examines binary classification, thus not considering
the complexity of the variations that exist in colorectal tissues.

Current medical Al research is also moving toward multimodal
frameworks that combine imaging and clinical information for
screening, staging, and risk stratification of disease progres-
sion [20]. The broader development of multimodal agent-based
Al further suggests that future clinical systems may combine
visual, textual, and other patient-information sources within
interactive decision-support environments [21]. The major
limitation of the current studies is that performance is typi-
cally reported in a specific training setting, making it difficult
to assess the model’s stability under divergent optimization
conditions. To solve these issues, we propose a hybrid light-
weight model for colorectal cancer classification. The present
work emphasizes the influence of different optimizers on the
model’s performance and stability. It aims to develop a more
efficient and stable approach to colorectal cancer classification.

Research Contributions
The main contributions of this study are as follows:

1) Dual-path lightweight architecture network is developed
using complementary MobileNet-inspired and Efficient-
Net-inspired pathways to capture both local textural and
higher-level semantic features from histopathological
images.
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Fig. 1 Conceptual framework of the hybrid lightweight classification model
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Fig.2 The proposed adaptive dual-pathhybrid lightweightmodel

2) Adaptive Gated Feature Fusion (AGFF) is introduced to
learn the relative contribution of the two pathways and
adaptively combine their complementary representations
instead of simply concatenating them.

3) Channel-Spatial Refinement (ACSR) is incorporated to
emphasize informative feature channels and spatial regions
that are relevant to histopathological classification.

4) Computational efficiency is designed to improve fea-
ture representation while maintaining a relatively low
number of parameters and computational cost, making
it suitable for resource-constrained deployment.

5) Component-level validation is conducted to quantify the
individual contributions of the Mobile path, Efficient
path, adaptive gated fusion, and channel-spatial refine-
ment to the overall model performance.

Related Work

Recently, deep learning has emerged as a significant player
in colorectal cancer classification, thereby enhancing perfor-
mance in computer-aided diagnosis systems. Research has
been done on different models and their efficiencies and short-
comings. Recent advancements in healthcare Al reveal that
the field is moving away from traditional CNN designs toward
techniques such as weak supervision, attention mechanisms,

multimodal learning, and predictive models aimed at solving
clinical problems. In Jiang et al. [13], a transformer-based
method for glioma diagnosis and molecular marker discovery
using weak supervision in computational pathology is elabo-
rated. The results show that transformer-based architectures
can generate diagnostic insights using histopathology images.
The use of explainable ensemble transfer learning for medical
image recognition is another example of combining different
pretrained models with interpretability methods [16]. In the
study by Ye et al. [18], deep learning is successfully applied
to predict metastasis and recurrence in patients with cervi-
cal cancer. In colorectal imaging, Huang et al. [9] describe a
method for weakly supervised polyp segmentation that uses
a co-alignment of text and images.

For instance, Sun et al. [22] implemented CNNss in polyp
detection in automated medicine and performed transfer
learning using datasets outside of medicine to enhance

Table 1 Ablation study results

Variant Accuracy Params (M)
Baseline CNN 0.849721707 4.522921
Mobile-style 0.841372913 0.070835
Efficient-style 0.707792208 0.070835
Simple Hybrid 0.933209647 0.070835
Hybrid + Gate 0.938886827 0.070835
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Table 2 Computational efficiency analysis (with state-of-the-art models on the CRC-VAL-He-7 K dataset

Model Optimizer Final_ Final_Val_ Best_Val_ Total_ Trainable_ Inference_ Inference
Train_Acc Acc Acc Params Params Time_ _Time_Per_
Batch_ms Image_ms

CustomCNN Adam 0.82408 0.818013 0.859796 4,522,345 4,522,345 27.64399 0.431937
CustomCNN SGD 0.573532 0.45311 0.45311 4,522,345 4,522,345 28.6065 0.446977
CustomCNN RMSprop 0.76995 0.679666 0.752089 4,522,345 4,522,345 27.99003 0.437344
CustomCNN AdamW 0.823284 0.82637 0.831012 4,522,345 4,522,345 28.86974 0.45109

CustomCNN Adadelta 0.088358 0.088208 0.088208 4,522,345 4,522,345 28.16629 0.440098
DeeperCNN Adam 0.845771 0.839369 0.860724 354,409 354,409 28.8177 0.450276
DeeperCNN SGD 0.548259 0.522748 0.522748 354,409 354,409 28.7783 0.449661
DeeperCNN RMSprop 0.822886 0.828227 0.883937 354,409 354,409 28.99971 0.45312

DeeperCNN AdamW 0.84995 0.802228 0.842154 354,409 354,409 28.68588 0.448217
DeeperCNN Adadelta 0.191244 0.28598 0.289694 354,409 354,409 30.3363 0.474005
ResNetLike Adam 0.885771 0.904364 0.904364 342,793 342,793 42.85975 0.669684
ResNetLike SGD 0.780697 0.827298 0.827298 342,793 342,793 42.68384 0.666935
ResNetLike RMSprop 0.874627 0.877437 0.877437 342,793 342,793 43.17101 0.674547
ResNetLike AdamW 0.885373 0.923863 0.923863 342,793 342,793 43.03828 0.672473
ResNetLike Adadelta 0.49592 0.520891 0.520891 342,793 342,793 43.15128 0.674239
HybridLightweight ~ Adam 0.863284 0.886722 0.886722 86,969 86,969 17.37576 0.271496
HybridLightweight SGD 0.722786 0.760446 0.765088 86,969 86,969 16.98132 0.265333
HybridLightweight ~ RMSprop 0.857512 0.438254 0.843083 86,969 86,969 19.01075 0.297043
HybridLightweight ~ AdamW 0.933682 0.955794 0.955794 86,969 86,969 19.76793 0.308874
HybridLightweight ~ Adadelta 0.423483 0.442897 0.442897 86,969 86,969 16.92254 0.264415
DenseNet121 Adam 0.95801 0.966574 0.98143 6,956,809 6,956,809 61.91203 0.967375
DenseNet121 SGD 0.973532 0.983287 0.984215 6,956,809 6,956,809 61.33432 0.958349
DenseNet121 RMSprop 0.933333 0.771588 0.941504 6,956,809 6,956,809 61.46641 0.960413
DenseNet121 AdamW 0.959801 0.975859 0.975859 6,956,809 6,956,809 61.79812 0.965596
DenseNet121 Adadelta 0.814726 0.849582 0.849582 6,956,809 6,956,809 61.10893 0.954827
EfficientNetBO Adam 0.973532 0.987001 0.9935 4,018,501 4,018,501 25.83278 0.403637
EfficientNetBO SGD 0.943682 0.954503 0.954503 4,018,501 4,018,501 24.56808 0.383876
EfficientNetBO RMSprop 0.960597 0.987001 0.987001 4,018,501 4,018,501 25.06162 0.391588
EfficientNetBO AdamW 0.973532 0.985144 0.985144 4,018,501 4,018,501 25.11737 0.392459
EfficientNetBO Adadelta 0.543284 0.62117 0.62117 4,018,501 4,018,501 25.76068 0.402511
L2RMLP Adam 0.499303 0.538533 0.538533 17,472,265 17,472,265 2.170408 0.033913
L2RMLP SGD 0.49194 0.537604 0.539461 17,472,265 17,472,265 2.08612 0.032596
L2RMLP RMSprop 0.50408 0.55896 0.55896 17,472,265 17,472,265 2.204685 0.034448
L2RMLP AdamW 0.4999 0.535747 0.536676 17,472,265 17,472,265 2.449751 0.038277
L2RMLP Adadelta 0.340498 0.438254 0.438254 17,472,265 17,472,265 2.118321 0.033099

Table 3 Model complexity (with state-of-the-art models on the CRC-VAL-He-7 K dataset

Model Optimizer (best run) Test accuracy Total Params (M) Trainable Params (M) Inference (ms/img) Batch time (ms)
CustomCNN Adam 0.799010513  4.522345 4.522345 0.462409547 29.59421102
DeeperCNN AdamW 0.849103278  0.354409 0.354409 0.442231841 28.30283782
ResNetLike AdamW 0.893320965  0.342793 0.342793 0.680747497 43.56783979
HybridLightweight AdamW 0.938886827  0.086969 0.086969 0.266471987 17.05420718
DenseNet121 SGD 0.980210266  6.956809 6.956809 0.970962293 62.14158675
EfficientNetBO Adam 0.987012987  4.018501 4.018501 0.408911968 26.17036595
L2RMLP RMSprop 0.534632035  17.472265 17.472265 0.02483914 1.589704962

@ Springer



Journal of Imaging Informatics in Medicine

Table 4 The comparison with

Model Optimizer Accuracy Precision Recall F1_score

state-of-the-art models on the

CRC-VAL-He-7 K dataset CustomCNN Adam 0.816327 0.808809 0.816327 0.806297
CustomCNN SGD 0.449907 0.316482 0.449907 0.360213
CustomCNN RMSprop 0.69295 0.686207 0.69295 0.648151
CustomCNN AdamW 0.825603 0.817731 0.825603 0.811167
CustomCNN Adadelta 0.088126 0.007766 0.088126 0.014274
DeeperCNN Adam 0.846939 0.860126 0.846939 0.832666
DeeperCNN SGD 0.525974 0.374899 0.525974 0.423773
DeeperCNN RMSprop 0.846939 0.849334 0.846939 0.837872
DeeperCNN AdamW 0.816327 0.86331 0.816327 0.818702
DeeperCNN Adadelta 0.280148 0.129658 0.280148 0.160652
ResNetLike Adam 0.912801 0.915976 0.912801 0.909149
ResNetLike SGD 0.834879 0.821141 0.834879 0.816998
ResNetLike RMSprop 0.899814 0.894793 0.899814 0.892871
ResNetLike AdamW 0.923933 0.924162 0.923933 0.921097
ResNetLike Adadelta 0.533395 0.436241 0.533395 0.449043
HybridLightweight Adam 0.909091 0.915869 0.909091 0.90924
HybridLightweight SGD 0.766234 0.704404 0.766234 0.730768
HybridLightweight RMSprop 0.455473 0.522735 0.455473 0.444332
HybridLightweight AdamW 0.931874 0.938485 0.931874 0.931513
HybridLightweight Adadelta 0.44898 0.363082 0.44898 0.347638
DenseNet121 Adam 0.961967 0.962688 0.961967 0.961481
DenseNet121 SGD 0.981447 0.982181 0.981447 0.981184
DenseNet121 RMSprop 0.772727 0.881298 0.772727 0.71851
DenseNet121 AdamW 0.973098 0.973313 0.973098 0.97307
DenseNet121 Adadelta 0.843228 0.827041 0.843228 0.825624
EfficientNetBO Adam 0.987013 0.987096 0.987013 0.986818
EfficientNetBO SGD 0.951763 0.95183 0.951763 0.950753
EfficientNetBO RMSprop 0.988868 0.988867 0.988868 0.988832
EfficientNetBO AdamW 0.986085 0.986179 0.986085 0.986055
EfficientNetBO Adadelta 0.62616 0.621651 0.62616 0.602059
L2RMLP Adam 0.540816 0.542943 0.540816 0.471108
L2RMLP SGD 0.539889 0.423454 0.539889 0.465968
L2RMLP RMSprop 0.546382 0.440807 0.546382 0.47038
L2RMLP AdamW 0.541744 0.440411 0.541744 0.472386
L2RMLP Adadelta 0.437848 0.472983 0.437848 0.356429

efficiency. The study by Zhang et al. [23] introduced RCC-
Net, a lightweight CNN for binary classification of colon
cancer nuclei. Notably, the performance of this CNN in
terms of correct classification is about 80.61%, with an
F1-score of about 0.7887; however, it shows a decline in
performance when challenged by complex data, suggest-
ing poor generalizability. Likewise, Shawesh and Chen
[5] implemented a CNN based on ResNet-50 to classify
colorectal cancer, achieving an accuracy of about 97.7%
on the NCT database. Yet again, it only raises concerns
about how well the model performs in real-world scenarios,
since transfer learning is applied to datasets with variable
distributions. Another study was conducted on CT-based
detection using a neural network and the firefly optimiza-
tion algorithm [24].

In the study by Sujatha et al. [25], a framework utilizing a
two-stage CNN process was presented for classifying colon
images, with the best performance achieved by the implemen-
tation based on the VGG19 model. Despite this success, the
implementation in question required substantial preprocessing
and manual labelling, making it less practical for large-scale
deployment. Also, in Sharma et al.’s [24] study, an encoder-
decoder model was introduced for polyp segmentation, achiev-
ing good average performance but showing low accuracy on
clinical images collected during various procedures. In the
article referenced as [26], the combination of deep transfer
learning with color normalization brought about the problem
of histological classification with high accuracy—96.2%; how-
ever, it is noted that the dependence on color normalization can
have a negative impact on the robustness of the technique in
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Fig.5 Present the average accu-
racy heatmap on CRC-VAL-

He-7 K dataset
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case the grayscale pictures are processed or different staining
methods are applied. In the work presented in [14], an impres-
sive performance of 98.4% was achieved, yet the complex
architecture required more computational resources during
training and implementation. The DenseNet architecture has
been applied in [27], achieving 97.2% performance.
However, the absence of preprocessing in this case might
make the algorithm less effective at handling noisy, low-quality
images. The article [7] shows that good results were obtained
through hyperparameter education, but at high resource costs and
with poor reproducibility of the outcomes. Some progress was
made in [28]; however, the organization in question proposed
a semi-supervised approach, reducing the number of necessary
annotations, yet performance may vary significantly across insti-
tutions due to image quality. Architectural adaptation has also
been investigated for small-sample biomedical datasets, with
Cheng et al. [29] proposing a specialized deep learning frame-
work to improve feature learning from limited Raman spectros-
copy observations. In summary, [28] introduced color CADXx, a
hybrid system that combines CNNs with the characteristics of
the discrete cosine transformation, thereby enabling improved
medical diagnostic assistance. The research outlines important
advancements in deep learning applications for colorectal can-
cer classification. However, some shortcomings of the men-
tioned studies can be noted. First, there are not enough papers
focusing on the impact of different types of optimizers on the
models, while others do not even describe the process of train-
ing stability. Secondly, the studies rely mostly on simple binary

optimizer

classification and overlook the nature of connective tissue in the
colorectal organs. Models such as ResNet, DenseNet, Efficient-
Net, and various hybrid CNNs demonstrate excellent accuracy
but come with disadvantages, including high computational cost
and enormous data requirements. Multi-branch attention archi-
tectures have also been explored in other medical data modalities;
for example, Chen et al. [30] combined a dual-branch attention
network with serum Raman spectroscopy to diagnose diabetic
kidney disease. Nevertheless, the findings were derived from
spectroscopic signals and may not be directly transferable to
colorectal histopathology images. More recently, Liu et al. [31]
developed a dual-branch Faster R-CNN for breast ultrasound
image detection by combining ResNet50 and Pyramid Vision
Transformer pathways to exploit complementary local and global
feature representations. Although the modality and detection task
differ from colorectal histopathology classification, the study pro-
vides a relevant methodological precedent for parallel feature-
extraction branches and feature fusion in medical imaging. Qian
et al. [32] also proposed a multi-view, multi-feature evolutionary
deep fusion method for protein secondary structure prediction,
demonstrating the broader value of combining complementary
representations in biomedical deep learning tasks.

The rest of the article is organized as follows: the “Related
Work” section presents the literature review; the “Materi-
als and Methods” section describes the methodology; the
“Results and Discussion” section presents the experiments
and results; finally, the “Conclusion and Future Work™ sec-
tion provides the conclusion.
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Materials and Methods
Datasets

Tasks involved in the analysis of medical images, such as
pixel-level classification and segmentation, are highly chal-
lenging due to the complexity of histopathological data. In
our research, we tested deep learning models on a single
dataset for detecting colorectal cancer. The dataset repre-
sents different tissue types in various ways, enabling easier
interpretation and proper training of the model. The CRC-
Val-He-7 K dataset comprises 7000 histological images that
belong to nine categories, namely adipose tissue (ADI),
background (BACK), debris (DEB), lymphocytes (LYM),
mucus (MUC), smooth muscle (MUS), normal mucosa
(NORM), stroma (STR), and tumor (TUM). This dataset
contains 7000 grayscale images of 128 by 128 pixels. The
dataset can be found on Kaggle. Figure 1 provides a view of
the hybrid lightweight classification model proposal.

@ Springer

Data Preprocessing

All datasets were standardized to ensure uniformity. Images
in the datasets were resized in terms of pixel resolution to be
128 x 128 pixels in size. Preprocessing included scaling the
pixel values to a range of [0, 1] while converting images to
grayscale wherever necessary. Categorical labels were also
converted into numerical values by means of label encod-
ing to ensure compatibility with machine learning models.
Moreover, data augmentation was employed to prevent the
models from overfitting and to increase their ability to gen-
eralize to the data. Hence, these measures made it possible
to develop a clean and uniform dataset:

Data Normalization

The dataset was normalized using z-score standardization,
which adjusts pixel values based on the dataset’s mean and
standard deviation. This ensures that all features are on a
common scale, improving training stability and making
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model learning more effective. The normalization process
is defined as follows:

, _ x —mean(x)
T T sdm M

Algorithm 1: Z-Score Normalisation Algorithm

where x’ is the normalized value of x, mean (x) is the mean
of the feature x, and std (x) is the standard deviation of the
feature x. The normalization formula is applied to each value
in the dataset to transform the values into the desired range
or distribution. This process is typically performed sepa-
rately for each feature, ensuring that each feature is normal-
ized independently of the others.

Input: dataset (List of images with pixel values)

Output: normalized dataset

1. Initialise an empty list normalized dataset
Flatten all images in the dataset into a single list all pixels

pixel mean = mean(all _pixels)

pixel std = standard deviation(all pixels)

Initialise an empty array normalized image

for each pixel in image:

2
3
4
5. for each image in the dataset:
6
7
8

normalized pixel = (pixel - pixel mean) / (pixel std + epsilon)
0. Append normalized pixel to normalized image
10.  Append normalized image to normalized dataset

11. return normalized dataset
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Data Augmentation

To increase the variation in the training images, conven-
tional data augmentation techniques were applied. The
augmentation included random rotation, horizontal and
vertical flipping, and random cropping. These transfor-
mations change the orientation and spatial arrangement

of the images while retaining the original image features.
This approach was preferred over generative augmentation
because it does not create new tissue structures or modify
the underlying morphology of the images. The augmented
images were used only during training, while the validation
and test images were kept unchanged for an unbiased evalu-
ation of the model [6].

Boxplot grouped by comb
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Fig. 8 Mean classification accuracy of compared models with standard deviation
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Algorithm 2: Data Augmentation Algorithm

Input: normalized dataset (normalized training images from Algorithm 1),
rotation_range, flip_probability, crop parameters

Output: augmented dataset

1. Initialize an empty list, augmented dataset
for each image in normalized dataset:

rotated_image = Rotate(image, rotation angle)

2
3. Randomly sample a rotation angle within rotation range
4
5

Randomly apply horizontal and/or vertical flipping according to

flip_probability
6. flipped image = Flip(rotated image)
7. Randomly crop flipped image according to crop parameters
8. augmented image = Resize(cropped image, target image size)
9.  Append augmented image to augmented dataset
10. end for

11. Combine normalized dataset and augmented dataset to form final dataset

12. return final dataset

Label encoding was a process in which every category
intrinsic to a categorical variable was assigned a specific
integer label. This operation assigned an arbitrary but unique
numerical value to each discrete category, thereby enabling
subsequent computational operations on the transformed
data. This process of label encoding is formalized as a con-
cise mathematical formulation. Supposed C represents the
categorical variable with n distinct categories, denoted as

Algorithm 3: Label Encoding Algorithm

Input: data

C= {Cl,Cz,... Cn}. Label encoding maps
each category C; to a unique integer label L;, wherel < i < n.
The label encoding function f is defined as:

f(CG) =L 2

where f is the encoding function, C; represents the categori-
cal variable, and L, denotes the unique integer label.

Output: encoded_data, label encoder (A dictionary mapping original labels to

integers)

1. Initialise an empty dictionary label encoder

unique_labels = set(data)
code =0

for each label in unique_labels:

label encoder[label] = code

Initialise an empty list encoded data

for each item in data:

Append label encoder[item] to encoded data
0. return encoded data, label encoder

2
3
4
5.
6. code +=1
7
8
9
1
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Table 5 Computational efficiency analysis (with state-of-the-art models on the Kvasir dataset)

Model Optimizer Final_ Final _ Best_ Total_ Trainable_ Inference_ Inference_
Train_Acc Val_Acc Val_Acc Params Params Time_ Time_per_
Batch_ms Image_ms
CustomCNN Adam 0.615934 0.583333 0.651667 13,173,608 13,173,608 84.22716 1.316049
CustomCNN SGD 0.462308 0.51 0.51 13,173,608 13,173,608 84.673 1.323016
CustomCNN RMSprop 0.594141 0.638333 0.638333 13,173,608 13,173,608 84.43973 1.319371
CustomCNN AdamW 0.588782 0.553333 0.658333 13,173,608 13,173,608 82.69279 1.292075
CustomCNN Adadelta 0.134334 0.125 0.125 13,173,608 13,173,608 85.38616 1.334159
DeeperCNN Adam 0.602001 0.665 0.665 354,856 354,856 90.33515 1.411487
DeeperCNN SGD 0.386567 0.403333 0.403333 354,856 354,856 90.41755 1.412774
DeeperCNN RMSprop 0.623794 0.621667 0.633333 354,856 354,856 90.59319 1.415519
DeeperCNN AdamW 0.613076 0.645 0.676667 354,856 354,856 91.57991 1.430936
DeeperCNN Adadelta 0.130761 0.125 0.125 354,856 354,856 91.40491 1.428202
ResNetLike Adam 0.66881 0.683333 0.701667 343,112 343,112 131.5849 2.056015
ResNetLike SGD 0.617006 0.625 0.625 343,112 343,112 131.1368 2.049013
ResNetLike RMSprop 0.659521 0.68 0.68 343,112 343,112 131.5333 2.055208
ResNetLike AdamW 0.663451 0.711667 0.711667 343,112 343,112 131.4553 2.053989
ResNetLike Adadelta 0.360843 0.401667 0.403333 343,112 343,112 131.8507 2.060167
HybridLightweight Adam 0.662379 0.66 0.671667 87,128 87,128 54.95822 0.858722
HybridLightweight SGD 0.585924 0.63 0.63 87,128 87,128 55.09706 0.860891
HybridLightweight RMSprop 0.665595 0.681667 0.698333 87,128 87,128 54.63221 0.853628
HybridLightweight AdamW 0.661665 0.661667 0.663333 87,128 87,128 54.09622 0.845253
HybridLightweight Adadelta 0.314398 0.41 0.41 87,128 87,128 53.80423 0.840691
DenseNet121 Adam 0.737406 0.625 0.733333 6,962,056 6,962,056 194.0133 3.031458
DenseNet121 SGD 0.680957 0.72 0.72 6,962,056 6,962,056 193.358 3.021219
DenseNet121 RMSprop 0.673812 0.613333 0.678333 6,962,056 6,962,056 190.9909 2.984232
DenseNet121 AdamW 0.72776 0.641667 0.685 6,962,056 6,962,056 191.1061 2.986032
DenseNet121 Adadelta 0.461951 0.486667 0.486667 6,962,056 6,962,056 195.2183 3.050286
EfficientNetBO Adam 0.687388 0.746667 0.746667 4,017,796 4,017,796 74.87578 1.169934
EfficientNetBO SGD 0.63487 0.603333 0.65 4,017,796 4,017,796 76.35109 1.192986
EfficientNetBO RMSprop 0.667024 0.686667 0.686667 4,017,796 4,017,796 75.05243 1.172694
EfficientNetBO AdamW 0.695606 0.691667 0.728333 4,017,796 4,017,796 75.60961 1.1814
EfficientNetBO Adadelta 0.180779 0.235 0.246667 4,017,796 4,017,796 75.40624 1.178223
L2RMLP Adam 0.547338 0.648333 0.658333 1.55E+08 1.55E+08 9.118009 0.142469
L2RMLP SGD 0.535191 0.64 0.64 1.55E+08 1.55E+08 9.366727 0.146355
L2RMLP RMSprop 0.569132 0.651667 0.66 1.55E+08 1.55E+08 9.04963 0.1414
L2RMLP AdamW 0.549839 0.64 0.665 1.55E+08 1.55E+08 9.183908 0.143499
L2RMLP Adadelta 0.402644 0.596667 0.598333 1.55E+08 1.55E+08 9.142423 0.14285

Table 6 Model complexity (with state-of-the-art models on the Kvasir dataset)

Model Optimizer (best run) Test accuracy Total Params (M) Trainable Inference (ms/img) Batch time (ms)
Params (M)

CustomCNN RMSprop 0.592346 13.17361 13.17361 1.260765 80.68895
DeeperCNN Adam 0.668885 0.354856 0.354856 1.328802 85.04336
ResNetLike AdamW 0.687188 0.343112 0.343112 1.915077 122.565
HybridLightweight Adam 0.687188 0.087128 0.087128 0.827172 52.93903
DenseNet121 SGD 0.682196 6.962056 6.962056 2.759596 176.6142
EfficientNetBO RMSprop 0.725458 4.017796 4.017796 1.101309 70.48376
L2RMLP Adam 0.657238 154.8356 154.8356 0.14227 9.105301
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Table 7 The comparison with Model

state-of-the-art models o the C Optimizer Accuracy Precision Recall F1_score mean
Kvasir dataset —mean —mean —mean

CustomCNN Adadelta 0.1248 0.0156 0.1248 0.0277
CustomCNN Adam 0.5424 0.6167 0.5424 0.5305
CustomCNN AdamW 0.5358 0.6098 0.5358 0.5055
CustomCNN RMSprop 0.5923 0.6141 0.5923 0.5843
CustomCNN SGD 0.4842 0.4473 0.4842 0.4256
DeeperCNN Adadelta 0.1248 0.0156 0.1248 0.0277
DeeperCNN Adam 0.6689 0.6972 0.6689 0.6476
DeeperCNN AdamW 0.6656 0.6914 0.6656 0.6481
DeeperCNN RMSprop 0.6323 0.5836 0.6323 0.5807
DeeperCNN SGD 0.391 0.3451 0.391 0.2922
DenseNet121 Adadelta 0.4692 0.5824 0.4692 0.4192
DenseNet121 Adam 0.5957 0.6711 0.5957 0.5479
DenseNet121 AdamW 0.6256 0.6854 0.6256 0.5689
DenseNet121 RMSprop 0.6323 0.646 0.6323 0.6033
DenseNet121 SGD 0.6822 0.6934 0.6822 0.6826
EfficientNetBO Adadelta 0.198 0.109 0.198 0.123

EfficientNetBO Adam 0.7105 0.721 0.7105 0.704

EfficientNetBO AdamW 0.6739 0.7251 0.6739 0.6488
EfficientNetBO RMSprop 0.7255 0.7451 0.7255 0.7063
EfficientNetBO SGD 0.6206 0.6369 0.6206 0.6211
HybridLightweight Adadelta 0.3894 0.2856 0.3894 0.3006
HybridLightweight Adam 0.6872 0.6906 0.6872 0.6824
HybridLightweight AdamW 0.6805 0.6845 0.6805 0.6744
HybridLightweight RMSprop 0.6772 0.6879 0.6772 0.6787
HybridLightweight SGD 0.6439 0.6528 0.6439 0.6367
L2RMLP Adadelta 0.6123 0.6416 0.6123 0.5505
L2RMLP Adam 0.6572 0.6578 0.6572 0.6423
L2RMLP AdamW 0.6489 0.6497 0.6489 0.6351
L2RMLP RMSprop 0.6406 0.6416 0.6406 0.6287
L2RMLP SGD 0.6406 0.6419 0.6406 0.6093
ResNetLike Adadelta 0411 0.2684 0411 0.2831
ResNetLike Adam 0.6722 0.6777 0.6722 0.6703
ResNetLike AdamW 0.6872 0.685 0.6872 0.6818
ResNetLike RMSprop 0.6689 0.6748 0.6689 0.6664
ResNetLike SGD 0.6456 0.6589 0.6456 0.6365

Data Partitioning and Imbalance Mitigation
Strategy

To ensure a proper and reliable assessment of the findings,
it was important to split the data into three sets: training,

validation, and test. In the given data split, images from the
same patient were included in a single subset to avoid over-
lapping between the training and evaluation data. The data-
set is split 70% for training, 15% for validation, and 15%
for testing. Importantly, data augmentation was performed

Table 8 The results of a two-
way ANOVAmodeloptimizer

Two-way ANOVA (model X optimizer interaction)

interaction
C(model)
C(optimizer)
C(model):C(optimizer)
Residual

Sum_sq

1.715650
2.385102
0.863796
0.277884

df
6.0
4.0
24.0
70.0

F

72.029876
150.204250
9.066409

NaN

PR(>F)
5.563736¢-28
1.435930e-33
2.281525¢e-13
NaN
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Table 9 The statistical analysis

. Normality test for accuracy
of model accuracy using

the Kruskal-Wallis test and Model w p Normality test

normality checks.H=98.7687,

P=0.0000 CNN_Adam 0.7531 0.0068 Not normal
CNN_SGD 0.9527 0.5811 Normal
CNN_RMSprop 0.9289 0.4844 Normal
CNN_AdamW 0.7603 0.0228 Not normal
CNN_Adadelta 0.8602 0.2683 Normal
DeeperCNN_Adam 0.9202 0.4529 Normal
DeeperCNN_SGD 0.9691 0.6627 Normal
DeeperCNN_RMSprop 0.8131 0.1461 Normal
DeeperCNN_AdamW 0.8710 0.2983 Normal
DeeperCNN_Adadelta 0.7727 0.0509 Normal
ResNetLike_Adam 0.9029 0.3948 Normal
ResNetLike_SGD 0.8888 0.3508 Normal
ResNetLike_RMSprop 0.8830 0.3332 Normal
ResNetLike_ AdamW 0.9691 0.6627 Normal
ResNetLike_Adadelta 0.9967 0.8899 Normal
DenseNet121_Adam 0.9608 0.6192 Normal
DenseNet121_SGD 0.9643 0.6369 Normal
DenseNet121_RMSprop 0.9117 0.4237 Normal
DenseNet121_AdamW 0.9908 0.8168 Normal
DenseNet121_Adadelta 0.8745 0.3083 Normal
EfficientNetBO_Adam 0.9932 0.8428 Normal
EfficientNetBO_SGD 0.8322 0.1939 Normal
EfficientNetBO_RMSprop 0.9998 0.9731 Normal
EfficientNetBO_AdamW 0.7840 0.0769 Normal
EfficientNetB0O_Adadelta 0.9715 0.6761 Normal
L2RMLP_Adam 0.9231 0.4633 Normal
L2RMLP_SGD 0.9868 0.7804 Normal
L2RMLP_RMSprop 0.9796 0.7262 Normal
L2RMLP_AdamW 0.9465 0.5542 Normal
L2RMLP_Adadelta 0.8959 0.3726 Normal
Hybrid Lightweight Model_Adam 0.9656 0.6437 Normal
Hybrid Lightweight Model_SGD 0.7998 0.1139 Normal
Hybrid Lightweight Model_RMSprop 0.8459 0.2297 Normal
Hybrid Lightweight Model_AdamW 0.9583 0.6072 Normal
Hybrid Lightweight Model_Adadelta 0.9643 0.6369 Normal

only after this split and involved only the training data. As
for the class imbalance that can occur in this case, there is
a solution that is applied at three levels: data, algorithm,
and training.

Algorithm-Level: Class-Weighted Loss Function

To further address the imbalance during training, a class-
weighted loss function was used:

L,= _%Zj‘il Wyilog(p(y;|x:)) )
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where N is the total number of training samples, (x;) is the
input sample, (y;) is the true label, (p(y;|x;)) is the predicted
probability, and W, is the weight assigned to each class. This
ensures that errors from minority classes are given more
importance during training.

Proposed Hybrid Lightweight Model

The proposed hybrid lightweight model is designed to
provide an effective balance between classification perfor-
mance and computational efficiency for histopathological
image analysis (Fig. 2). The architecture combines two
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complementary lightweight feature-extraction pathways: a
MobileNet-inspired pathway based on depthwise separable
convolutions and an EfficientNet-inspired pathway based on
MBConv blocks with squeeze-and-excitation (SE). The two
pathways extract complementary representations, with the
former focusing on efficient local texture features and the
latter capturing richer semantic information.

Rather than directly concatenating the features from the
two pathways, the model employs an Adaptive Gated Fea-
ture Fusion (AGFF) mechanism to learn the relative contri-
bution of each feature representation. The resulting fused
features are subsequently processed by a Channel-Spatial
Refinement (ACSR) module, which emphasizes informa-
tive feature channels and spatial regions while reducing the

Algorithm 4: Proposed MS-AMHNet Classification Algorithm

Input: image, trained model

influence of less relevant information. The refined repre-
sentation is then passed through global average pooling and
a fully connected classification head to generate the final
class prediction.

The overall design is intended to retain the computational
advantages of lightweight convolutional networks while
providing a more discriminative representation of histo-
pathological patterns. The use of adaptive feature fusion
and channel-spatial refinement distinguishes the proposed
architecture from a straightforward combination of exist-
ing lightweight convolutional blocks and provides the basis
for evaluating whether the additional mechanisms improve
classification performance without substantially increasing
computational cost.

Output: predicted class, class probabilities

G = Sigmoid(MLP(GAP(Concat(FM, FE)))

1. Load the trained MS-AMHNet model.
2. FO = LightweightStem(image)

3. FM = MobilePath(F0)

4. FE = EfficientPath(FO0)

5.

6. Ffused=G xFM + (1 —G) x FE

7. FR = ACSR(Ffused)

8. h=GAP(FR)

9. class_probabilities = Softmax(FC(Dropout(ReLU(FC(h)))))
10. predicted class = argmax(class_probabilities)
11. return predicted_class, class_probabilities

Performance Evaluation

To evaluate the effectiveness of the hybrid lightweight
model we designed for colorectal cancer detection, we
focused on several classification metrics recognized by
the research community that characterize a model’s perfor-
mance. So we investigated the case of accuracy, precision,
recall, F1-score, and ROC-AUC, as they all add something
to our understanding of how the model performed:

e Accuracy:
TruePositives + TruesNegatives

Accuracy = “4)

Total Predictions

e Precision (positive predictive value):

.. TruePositives
Precision = — — 5)
True Positives + False Positives

¢ Recall (sensitivity or true positive rate):

TruePositives
Recall = — - (6)
Total positives + False Negatives

e Fl-score:

2 % Precision * Recall
F1 Score = — @)
Precision + Recall

¢ Area under the ROC curve (AUC):
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FP TP

FPR= —-" _ TPR= —"
FP+ TN TP + FN

®)

Computational Efficiency Evaluation

The computational efficiency of the proposed MS-AMHNet is

evaluated alongside its classification performance. Since the

objective is to develop a lightweight architecture, the evalu-

ation considers not only accuracy and F1-score but also the

number of trainable parameters, floating-point operations,

model size, inference time, and memory consumption.
Number of trainable parameters:

PCOV = KhKWCinCout + Coul (9)
Model size:
Smodel = Ptotal x4 (10)

Inference time:

1
we = 2T (11

Results and Discussion

This research has proposed a hybrid lightweight model
trained on the preprocessed CRC-VAL-He-7 K dataset.
The analysis consisted of a performance assessment of
the hybrid lightweight model against several deep learn-
ing architectures, under different optimization settings. In
terms of performance classification, several factors have
been considered, including accuracy, precision, recall,
F-Measure, and ROC-AUC, and statistical analysis has
been conducted to assess the importance of the models
and optimizers evaluated.

Automated Hyperparameter Configuration

The various hyperparameter settings utilized to optimize
learning models were established via a grid search to iden-
tify the best combinations for effective colorectal cancer
detection. The hybrid lightweight model has been trained
using five of the most popular optimization algorithms:
Adam, SGD, Adadelta, AdamW, and RMSprop, indicating
the hybrid nature of the process. These optimizers have
unique characteristics regarding gradient updates and
learning rate adaptation, thereby enabling performance
evaluation of the learning process. The following hyper-
parameters were specified: learning rate (0.001, 0.01, 0.1),
batch size (16, 32, 64), dropout rate (0.3, 0.5, 0.7), and

@ Springer

the number of hidden units (32, 64, 128), with ReLU for
hidden network layers and Softmax for the output network
layer. The models were trained with all hyperparameter
combinations for 50 epochs.

The comparison of different models on the CRC-VAL-
He-7 K dataset is shown in Table 1. The results show that
the choice of optimizer affects model performance. The
Adadelta algorithm yields poor results across all mod-
els, while Adam, AdamW, and, in some cases, SGD give
satisfactory and stable results. Although CNNs perform
poorly, their performance improves with more complex
architectures. DenseNet121 and EfficientNet-BO receive
the best results overall. It should be noted that Efficient-
Net-BO, when trained with RMSprop, achieves 0.98%
accuracy, indicating low variability. The suggested light-
weight hybrid model achieves an accuracy of 0.91% using
the optimizer AdamW (Tables 2, 3, and 4).

Figures 3 and 4 clearly show that the training and vali-
dation losses decrease as the number of epochs increases.
The training losses show a steep decrease in the first few
epochs, followed by a gradual decrease till the conver-
gence is reached. The same trend is observed in the valida-
tion losses, which closely track the training curve through-
out the training process. In this case, if the loss curves are
so similar, the model is successful in classifying the data;
thus, there are no signs of overfitting either. The receiver
operating characteristic (ROC) curve in Fig. 3 illustrates
the trade-off between sensitivity and false-positive rate,
providing an assessment of the model’s classification per-
formance. It should be noted that all classes’ AUCs equal
1.00, indicating good class distinguishability. This makes
it evident that the neural model can detect both positive
and negative cases quite successfully, as there were no
classification errors.

The average classification accuracy of the various mod-
els tested with different optimizers is shown in Fig. 1.
The highest classification accuracy was achieved by
EfficientNetBO0, at 98.70%. The next best performer was
DenseNet121, achieving 97.22% accuracy. Other models
that delivered their average classification accuracy include
ResNetLike (85.99%), DeeperCNN (83.67%), and Hybrid-
Lightweight (84.60%). On the contrary, CustomCNN
achieved only 73.65%. Lastly, L2ZRMLP achieved the low-
est result, 51.02%. The results indicate that EfficientNetB0O
and DenseNet121 performed exceptionally well at identi-
fying relevant characteristics in histopathological images.

As demonstrated in Fig. 5, accuracy, precision, recall,
and F1-score are evaluated for all models. It is noted that
EfficientNetBO and DenseNet121 emerge as victors across
the four metrics, hence proving to be accurate and effec-
tive in terms of false positives and false negatives. The
remaining models, including ResNetLike, DeeperCNN,
and HybridLightweight, perform well on the metrics.
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ResNetLike has recorded the worst results among the
tested models. The four metrics for the high-performing
models align closely.

The average accuracy across models is shown in
Fig. 6. The average accuracies of EfficientNetBO and
DenseNet121 were the highest among all models, indi-
cating their superior ability to generalize (Figs. 7 and 8).
In between are ResNetLike, DeeperCNN, and Hybrid-
Lightweight, while CustomCNN and L2RMLP had very
low average accuracies. Overall, this indicates that more
advanced convolutional architectures achieve better accu-
racy and more consistent performance (Tables 5, 6, and 7).

Statistical Analysis

To assess the significance of differences among combina-
tions of model optimizers and to measure their perfor-
mance, a detailed statistical analysis was conducted. The
very first step is to establish whether the performance met-
rics (accuracy, precision, recall, and Fl-score) are nor-
mally distributed. The Shapiro—Wilk test was used for each
model optimizer combination. If the results did not indi-
cate any deviation from normality (p > 0.05), parametric
statistics were used. Otherwise, nonparametric statistics
were applied. To check whether model performance dif-
fers across combinations of optimizers, use either a one-
way ANOVA or a Kruskal-Wallis test, depending on the
outcome of the normality test. These tests assess whether
at least one group performed differently. If differences in
model performance are found (p < 0.05), pairwise com-
parisons are conducted. If parametric statistics are used,
Tukey’s HSD test is utilized. For nonparametric statistics,
the Mann—Whitney U test with Bonferroni correction is
used. The effect sizes were calculated using Cohen’s d to
analyze the strength of the differences. The interpretation
of the values is as follows: negligible (less than 0.2), small
(0.2 t0 0.5), medium (0.5 to 0.8), and large (greater than or
equal to 0.8). Also, bootstrap resampling with 1000 itera-
tions was performed to obtain 95% confidence intervals for
the mean configuration performance, thereby providing a
more accurate picture of performance variation. A two-
way ANOVA was also conducted to assess how different
model types and optimizers influenced performance and
to examine any interaction effects. All analyses were per-
formed in Python using the packages SciPy, Statsmodels,
and scikit-posthocs, with a significance threshold of 0.05.

The findings of a two-way ANOVA are provided in
Table 3, which assesses the impact of model type, optimizer,
and their interaction on performance. The results demon-
strate that both the model and optimizer factors are statisti-
cally significant. The model factor is significant (F=72.03,
p<0.001), implying that the model architecture contrib-
utes to the performance variability. The optimizer factor is

also significant (F=150.20, p <0.001), indicating that the
optimizer has an important effect on model performance.
Moreover, there is a significant interaction effect between
model and optimizer (F=9.07, p <0.001), indicating that
the optimizer effect depends on the model used; no single
optimizer works for all models.

The data analysis in Table 8 utilizes the Kruskal-Wallis
test along with normality tests. From the Kruskal-Wallis test,
there is a significant difference in model performance across
models and optimizers (H=98.77, p<0.001), indicating that
not all combinations of model and optimizer perform equally
well. The normality tests suggest that most distributions are
normal (p > 0.05), indicating that the data behave as expected,
with a few CNNs with Adam and AdamW deviating from
normality (Table 9). The analysis shows that the results are
statistically significant across setups, with most distributions
meeting the requirements for comparison.

Conclusion and Future Work

The study evaluated how different optimization strategies
affect deep learning systems used to classify histopathologi-
cal images for colorectal cancer. The results have shown that
the interaction between the network architecture and the
choice of an appropriate optimizer greatly influences model
performance. It has been shown that the proposed hybrid
lightweight model achieved satisfactory results in classi-
fication accuracy and efficiency, with EfficientNetB0O and
DenseNet121 outperforming the other models tested. One
of the merits of the research is that it enabled a systematic
comparison of deep learning architectures under varying
optimization conditions. The research added hyperparameter
optimization via grid search, as well as other methods aimed
at eliminating class imbalance, such as appropriate data aug-
mentation and appropriate class-weighted learning methods.
However, the study still has numerous shortcomings. Only a
single open-access dataset was used to conduct this experi-
ment, and the outcomes may not be representative of the
method’s performance under in vivo conditions. Additionally,
the research was constrained by only a few typical structures
and optimization techniques. The proposed method is advis-
able for further examination with larger, more diverse data-
sets from additional sites. Future work could consider using
more advanced optimization processes, automated machine
learning, transformer-based approaches, and similar complex
procedures to solve imbalanced class problems. Self-super-
vised pretraining and parameter-efficient adaptation could
also be evaluated when annotated histopathology data are
limited. Recent disease image research has shown that such
strategies can improve fine-grained recognition under severe
label scarcity [33], although their transferability to colorectal
histopathology remains to be established.
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