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SUMMARY  

Even today, one of the main reasons for mortality among females is breast cancer, whose effective 

treatment needs earlier detection. In this work, a new methodology based on spatial-temporal Deep 

Learning for detecting and classifying breast tumors through the use of Convolutional Neural Networks 

(CNN) and Convolutional Gated Recurrent Unit (ConvGRU) is presented. The spatial part of the network 

extracts spatial features such as tumor texture, tumor shape from each slice individually, whereas the 

temporal part of the CNN identifies changes between different slices. The model presented in this study 

is capable of increasing accuracy, decreasing false positive rates, and improving robustness for tumors 

with irregular morphology by exploiting both spatial and temporal aspects together. For evaluation of the 

model, the publicly available BUSI dataset was used, and 0.9867 area under the curve (AUC), 96.88% 

recall, 88.57% precision, 95.40% accuracy, and 92.54% F1-score were obtained. Results have indicated 

the effectiveness of CNNs and ConvGRUs for automating breast cancer detection. Proposed methodology 

significantly surpasses baseline methods such as EfficientNetB7, DenseNet121, ConvNeXtTiny, 

XGBoost Ensemble, Soft Voting Ensemble in terms of classification accuracy and discriminative power. 

These findings support the model's applicability in clinical settings and highlight future directions in 

multi-class tumor classification and model optimization for deployment in resource-constrained clinical 

environments. 

Key words: tumor classification, breast cancer, CNN, convolutional GRU, deep learning,                         

spatial-temporal features. 
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INTRODUCTION 

Breast cancer is one of the leading causes of mortality for women worldwide, and the key to developing 

successful treatment plans for the disease is early tumor diagnosis and accurate tumor classification [15]. 

New technologies in medical imaging and deep learning have resulted in considerable gains in breast 

cancer diagnosis [16]. It has been demonstrated that CNNs perform better than any other technique when 

it comes to extracting spatial characteristics from medical imaging data, such as tumor texture, 

morphology, and edge properties. Nevertheless, such algorithms frequently give much attention to image 

slices of an image and ignore the spatial and time connectivity of a large number of consecutive image 

slices. 

Although CNNs have been found to be very effective in identifying the spatial features of breast cancers, 

they tend to ignore the time variations that can occur between sequential slices of pictures [17]. This is 

the point of weakness because most of the models that are available are likely to process the images in 

isolation and therefore the inability to consider the whole picture that can be achieved by scrutinizing 

the sequential nature of the imaging information. Furthermore, while they may depict temporal 

correlation, the traditional Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) 

models are unable to preserve the spatial integrity of medical images. 

In order to enhance the categorization of breast cancers, this research introduces a hybrid                              

spatial-temporal deep learning network that combines CNNs to learn features and ConvGRUs. The CNN 

component will determine spatial properties, i.e., texture and shape, of all slices of an image, and the 

ConvGRU component will learn about the temporal relationships between image slices. By combining 

spatial and temporal characteristics in an end-to-end manner, the system will improve classification 

performance while maintaining spatial data and capturing intricate temporal correlations between 

successive breast data slices. 

By proposing a novel model that combines spatial and temporal information, the current work is 

noteworthy for its ability to overcome the limitations of existing models in the classification of breast 

cancers. The combination of ConvGRUs and CNNs is likely to provide several benefits with the help of 

the given methodology. 

• Improved classification of tumors by making use of geographical and time information. 

• Enhanced robustness, particularly for tumors with complex morphologies across sequential slices. 

• Less false positives, resulting in improved classification. 

• A clinically relevant, scalable deep learning method to breast cancer diagnostics in large volumes of 

data. 

The structure of the paper is as follows: A review of pertinent research on current breast tumor 

classification models, including CNN-based models and temporal learning models like RNNs and 

LSTMs, is included in Section II. Section III offers a detailed explanation of the suggested                           

spatial-temporal deep learning framework with a focus on the fusion of CNNs and ConvGRUs. Section 

IV: Describe the experimental setup, including the datasets, evaluation metrics, and model parameters. 

This is followed by a discussion of the findings that will contrast the suggested model's performance 

with the baseline approaches. Section V summarizes the key findings and makes recommendations for 

possible future study directions. 

LITERATURE SURVEY 

Han et al., (2024) [11] focuses on using spatiotemporal features to identify breast cancer in MRI and 

ultrasound images. In order to evaluate contrast-enhanced ultrasound films, Han et al. present a                  

spatio-temporal feature fusion network that uses a Temporal Segment Network (TSN) to combine 

temporal features with residual neural networks (ResViT) to extract spatial features. Their model 

achieved a sensitivity of 85% and an accuracy of 78.79%. He et al., (2024) [8] introduced TSESNet, a 

deep learning model that uses both spatial and temporal correlations to segment breast tumors in                 
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DCE-MRI images. It was trained using Temporal-Spatial Contrastive Loss (TSCLoss) and a                    

Tumor-Aware (TA) module [18]. Their method dramatically enhances the effectiveness of the 

segmentation, providing a new level of breast cancer detection in DCE-MRI [19]. 

To enhance the learning and reasoning of temporal relationships between video frames, Zhou et al., 

(2018) [4] suggested Temporal Relation Networks (TRN). In contrast to traditional approaches, which 

are based on the appearance or immediate motion, TRNs are directly characterized as any temporal 

connection between more than two-time scales, which allows them to adequately characterize activities 

that are sensitive to temporal changes. TRN-integrated networks show significant improvements in 

identifying human-object interactions and classifying hand gestures, which is better than two-stream and 

3D convolutional networks. Notably, TRNs can work with sparse frame sampling, which guarantees the 

computational efficiency and maintains high accuracy. 

With an emphasis on improving lesion location and classification, the paper by Mahichi et al., (2025) 

[12] offers sophisticated hybrid deep learning methods to identify breast cancer. In order to enhance 

feature learning and convergence, Mahichi et al.'s BreastCNet model integrates CNNs with the Grey 

Wolf Optimizer (GWO) and Parrot Optimizer (PO) [20]. With a validation accuracy of 98.10%, an AUC 

of 0.995, and an IoU of 0.96 for lesion localization, the model performed better than popular models like 

AlexNet and DenseNet. (Pradeepa et al., 2025) introduced a hybrid model that combines EfficientNetV2 

for multi-scale feature extraction with a GRU and an attention mechanism to capture spatial 

interdependence [14] [28]. Their model attained 98.15% precision, 95.68% recall, and 95.72% accuracy 

on histopathology images, markedly surpassing other deep learning architectures [29]. 

Tran et al., (2018) [3] examined convolutions on a spatiotemporal basis through 3D CNNs, which refine 

the 2D convolutions with the addition of the time dimension, therefore, enabling the identification of 

motion patterns indispensable to action recognition [30]. By breaking down the 3D convolutions into a 

collection of orthogonal space and temporal convolutions, their R (2+1) D model offers a more 

factorized method that improves optimization and boosts model performance.  R (2+1) D model has 

achieved better scores on features like Kinetics and Sports-1M and this indicates that the expansion of 

spatiotemporal convolutions improves performance and efficiency at minimum computational costs. 

Qasrawi et al., (2025) [9] propose a hybrid spatiotemporal feature fusion method for tracking and 

identifying breast lesions in ultrasound images. It uses a hybrid denoising technique called CLAHE and 

YOLOv11-L to identify lesions, along with an enhanced KCF tracker that tracks objects using a hybrid 

spatiotemporal context.  It attained substantial enhancements in detection accuracy, achieving a success 

rate over 99% for malignant tumors. A Bidirectional Recurrent Neural Network (BRNN) [25] was 

introduced by Chikkala et al.,(2025) [7] for the multi-class classification of breast cancer histology 

images. The model incorporates EfficientNet for feature extraction and a GRU with an attention 

mechanism to capture sequential dependencies [26]. With a sensitivity of 97.25%, it has enhanced the 

diagnostic performance in the diagnosis of breast cancer. Tu et al.,(2025) [13] proposed an AdaBoost 

algorithm enhanced by deep learning (DLAEABA) to detect breast cancer and achieved 97.2% accuracy 

on tomosynthesis images [21]. Their methodology though proved to be highly accurate was not suitable 

in a real-life environment due to being heavily complex. 

The SlowFast network, which divides video processing into two pathways with varying time resolutions, 

was proposed by Feichtenhofer et al., (2019) [2]. The Slow pathway is used to process lower frame rate 

of the frames to store spatial semantics and the Fast pathway is used to store fast motion semantics of 

the movie at a high frame rate. This bifurcated design allows the model to capture successfully the spatial 

and motion data that it has. The SlowFast network has demonstrated higher performance compared to 

models such as I3D and Two-Stream Networks on datasets like Kinetics, Charades, and AVA, attaining 

remarkable accuracy while preserving computational efficiency. 

Wang et al., (2016) [6] introduced an original method to solve long-range temporal interdependence in 

movies based on a sparse sampling of time, called Temporal Segment Networks (TSN). TSN decodes 

the video into numerous fragments and takes out the frames of each fragment. This is a sparse sampling 

that reduces the computational costs as compared to the intensive temporal sampling and has a way of 
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maintaining the fundamental temporal details. TSN has led in action detection on large data sets like 

UCF101 and HMDB51 outperforming the previous models and demonstrating scalability to practical 

usecases. 

The primary focus of STFL-Net, the novel spatial-temporal feature fusion learning network presented 

by Luo et al., (2025) [10], was the integration of multi-sequence and multi-phase MRI data in breast 

tumor segmentation. A multi-branch encoder was used for modality-specific feature extraction in 

addition to feature selection using multi-scale convolutions and attention approaches. STFL-Net 

demonstrated high accuracy in dividing the breast tumors with high Dice Similarity Coefficients and 

Intersection over Union on a 600 breast cancer MRI scans dataset [22]. 

The C3D model proposed by Tran et al., (2015) [1] is a 3D-based model that applies to spatiotemporal 

learning through convolution data of raw video frames. Unlike 2D CNNs which detect only spatial 

information, C3D is both appearance and motion-based, which makes it very suitable to action 

recognition. The model has shown excellent performance over the traditional hand-crafted features like 

iDT on databases like UCF101 and Sports-1M. C3D is also effective and small enough to handle large 

video analysis tasks. 

TimeSformer, a Transformer-based model for video comprehension, was presented by Bertasius et al., 

(2021) [5] in the paper. In order to accurately depict intricate interactions in movies, their model uses 

space-time attention, differentiating between spatial and temporal attention mechanisms. The article 

shows that the attention mechanism can extend traditional convolutional models in video tasks and can 

be effective at simulating temporal interrelationships in long sequence. TimeSformer has demonstrated 

state-of-the-art performance on additional action recognition datasets, including Kinetics-400 and 

Something-Something V2. 

In order to address optimization issues in very deep networks, (He et al., 2015) presented Residual 

Networks (ResNets), a deep learning model. ResNets facilitate the model to learn the identity mappings 

through the use of the residual learning and shortcut connections, and in this way, prevent the 

degradation of the accuracy as the network depth increases [24]. This advancement allowed for the 

effective training of networks with up to 152 layers and the achievement of cutting-edge performance 

on all benchmarks, including ImageNet, COCO, and PAScal VOC. ResNets demonstrated that more 

powerful networks could improve accuracy and not increase computing requirements and were useful 

in image classification, object detection, and segmentation. 

As the literature suggests, so far, the CNN-based models are characterized by a high level of performance 

in breast tumor classification due to the ability to extract spatial features, but lack the ability to consider 

the information about the temporal association between consecutive image slices, which limits their 

ability to capture the entire picture of tumor dynamics [23]. The classic RNNs and LSTMs are capable 

of learning the temporal aspects of the data, but they face challenges when keeping the spatial 

representation of medical images intact, which reduces their survival in this area [27]. The suggested 

study will help solve this problem by offering a new framework for the spatial-temporal deep learning 

system that blends CNNs with the transformers of the ConvGRU. As a result, the model will be able to 

capture the temporal correlations between image slices while maintaining the spatial properties. It is 

expected that the use of spatial and temporal information will increase classification accuracy, reduce 

false positives, and enhance robustness, and offer a more reliable and automated process of breast cancer 

diagnosis and support better clinical decision-making. 

METHODOLOGY 

The spatial feature extraction and spatiotemporal feature fusion modules are the two fundamental 

components of the spatiotemporal feature fusion network, as illustrated in figure 1. Initially, a CNN is 

utilized to acquire local spatial information, followed by the application of ConvGRUs to simulate 

temporal dependencies among image slices. The features retrieved by the CNN and ConvGRU modules 

are ultimately consolidated into the final classification features via the spatio-temporal feature fusion 

module. 
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Figure 1. Overall workflow of spatio-temporal feature fusion network for breast tumor imaging data 

3.1 Spatial Feature Extraction Module 

As seen in figure 2, the input image initially goes through the CNNs to extract local spatial attributes 

before the ConvGRU module captures temporal relationships across subsequent image slices to 

construct the final spatial-temporal features. 

3.1.1 Local Spatial Feature Extraction 

Utilize the CNN's convolutional layers (CL) to obtain the spatial properties of the breast tumor image 

during the local feature extraction stage. Owing to the limited data, a deeper neural network design 

should not be employed; thus, this phase has solely one convolutional layer and two residual layers. The 

precise structure is shown in figure 3. 

3.1.2 Global Spatial Feature Extraction.  

The ConvGRU module's architecture is shown in figure 4. In contrast to conventional CNNs that convert 

images into patches and vectors, this approach employs features derived from local extraction as input 

for sequence processing. The feature, denoted as 𝑥 ∈ 𝑅𝐿 ×𝐻, is obtained after flattening. Following 

linear layer mapping, the features transform into 𝑒 ∈ 𝑅𝐿 ×𝐷 ,Given that the two-dimensional feature 

representation forfeits positional information, it is essential to incorporate a position encoding,                       

𝑃𝐸 ∈ 𝑅𝐿 ×𝐷 . Subsequent to positional encoding, the features are represented as delineated in                

equation (1): 

𝐸 = 𝑒 + 𝑃𝐸                                                                                                       (1) 

The normalized feature matrices are passed through the linear layer to obtain three feature matrices 

respectively, where   is the corresponding weight matrix. Compute the outputs matrix as equation (2): 

The normalized feature matrices are transmitted through the linear layer to get three feature matrices 

𝑄, 𝐾, 𝑉 ∈ 𝑅𝐿 ×𝑑1 , where 𝑄 = 𝑊𝑄𝐸; 𝐾 = 𝑊𝐾𝐸; 𝑉 = 𝑊𝑉𝐸 and 𝑊𝑄 , 𝑊𝐾 , 𝑊𝑉  represent the respective 

weight matrices. Calculate the outputs matrix as specified in equation (2): 

𝐴𝑡𝑡 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

)                                                             (2) 

The singular attention function is typically slow to compute due to the excessive size of the 𝑑1dimension; 

therefore, employ the multi-head attention as delineated in equation (3): 

𝑀𝐴𝑡𝑡 (𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡 (𝐴𝑡𝑡(𝑄1, 𝐾1, 𝑉1), … , 𝐴𝑡𝑡(𝑄𝑛, 𝐾𝑛 , 𝑉𝑛))𝑊𝑂   (3) 

Here, 𝑊𝑂denotes the weight matrix of the linear transformation. The entire multi-head attention module 

is obtained as the result of equation (4): 

𝑍1 =  𝑀𝐴𝑡𝑡 (𝑄, 𝐾, 𝑉) + 𝐸                                                                               (4) 
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After that, a layer normalization, two linear layers and a GELU activation function are added to increase 

the learning capacity of the model, so the final output is presented in the form of equation (5): 

𝑍 = 𝐺𝐸𝐿𝑈(𝑊1𝐿𝑁(𝑍1)) +  𝑍1                                                                        (5) 

3.2 Spatio-temporal Fusion Module 

After capturing the intensity curve's peak, divide it into equal active sections K, as shown in equation 

(6) under the temporal fusion network: 

TSN (𝑇1, 𝑇2, … , 𝑇𝐾) = 𝐻 (𝐺(𝐹(𝑇1), 𝐹(𝑇2), … , 𝐹(𝑇𝐾)))                        (6) 

 

Figure 2. Spatial feature extraction modules 

 

Figure 3. Local spatial feature extraction 

(𝑇1, 𝑇2, … , 𝑇𝐾) are frames given by random sampling of K time periods. 𝐹(𝑇𝐾) denotes the process of 

spatial feature extraction with the help of CNN and ConvGRU modules, and G gathers frame features 

in a sequence and transforms them into representation at the sequence level. Unlike the original TSN 

model, which uses average pooling, learnable weights are used that copy clinical emphasis on sequence 

frame in equation (7): 

𝐺(𝐹(𝑇1), 𝐹(𝑇2), … , 𝐹(𝑇𝐾)) =  ∑ 𝜔𝐾 𝐹𝐾

𝑘

                     (7)  

The aggregated feature vector using to represent the scalar at the ith position and to represent the element 

at the ith position in the kth image feature, then there exists. Equation (8) receives the categorical                

cross-entropy loss function after the sequence level features are fed into the classification header and 

softmax layer to obtain the C-dimensional probability distribution, which indicates the actual category 

and the category channel. 

The consolidated feature vector 𝐺(𝐹(𝑇1), 𝐹(𝑇2), … , 𝐹(𝑇𝐾))  ∈ 𝑅𝑑, where 𝐺𝑖 represents the scalar at the 
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ith position and 𝐺𝑘
𝑖  denotes the element at the ith position in the kth image feature, yields 

𝜕𝐺𝑖

𝜕𝐺𝑘
𝑖 =  𝜔𝐾. 

The C-dimensional probability distribution vector 𝑌̂  ∈ [0,1]𝐶  is derived by inputting the sequence-level 

features into the classification header and softmax layer. The categorical cross-entropy loss function is 

expressed in equation (8), where 𝑐 ∈ [0, 𝐶)is the category channel and 𝑌 ∈ {0,1}𝐶  is a one-hot vector 

representing the true category. 

𝐿img(𝑌̂, 𝑌) = − ∑ 𝑌𝑐

𝐶−1

𝑐=0

log 𝑌̂𝑐                                                               (8) 

Here C = 2. This task contains two categories. 

 

Figure 4. Global spatial feature extraction 

3.3 Convolutional GRU 

 

Figure 5. ConvGRU cell structure for spatiotemporal feature fusion 

The ConvGRU network is proposed, drawing inspiration from and modifying the ConvGRU model for 

the classification of breast tumor picture sequences. For both input-to-hidden state and hidden               

state-to-hidden state transitions, ConvGRU network uses 2-D convolutional layers (2D CL) inside a 

ConvGRU cell. This modification has a number of advantages over FC-GRU cells, including lowering 

the number of network parameters and effectively gathering spatial correlations in images of breast 

tumors. Samples are created from fixed-length windows with various beginning locations across picture 

slices during the training process. 

3.4 Convolutional GRU cell 

Before doing matrix multiplication, the input and hidden states must be vectorized in order to tackle the 

problem of classifying photo slice sequences on breast cancers using a network of FC-GRU cells. These 

procedures are essentially comparable to neural network layers that are fully connected. However, 

vectorization and matrix multiplication are not necessary when utilizing ConvGRU cells. It provides a 

number of benefits, such as the extraction of significant spatial correlation characteristics, a reduction in 
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network parameters, and an acceleration of the training process. 

Equation (9) can be used to express the ConvGRU cell equations based on the structure of FC-GRU 

cells: 

𝑧𝑡 = 𝜎(𝑊𝑧𝑥 ∗ 𝐼𝑡 + 𝑊ℎ ∗ 𝐻𝑡−1 + 𝑏𝑧) ,                             •  Update gate           

𝑟𝑡 = 𝜎(𝑊𝑟𝑥 ∗ 𝐼𝑡 + 𝑊𝑟ℎ ∗ 𝐻𝑡−1 + 𝑏𝑟) ,                              •  Reset gate                

𝐻̃𝑡 = tanh(𝑊ℎ̃𝑥 ∗ 𝐼𝑡 + 𝑊ℎ̃𝑟ℎ ∗ (𝑟𝑡 ⨀ 𝐻𝑡−1) + 𝑏ℎ̃),    • New memory cell 

𝐻𝑡 = (1 − 𝑧𝑡) ⨀𝐻̃𝑡 + 𝑧𝑡  ⨀ 𝐻𝑡−1 ,                                                •  Hidden state                (9) 

where ∗ stands for convolution operator. While the input 𝐼𝑡, hidden state 𝐻𝑡, update gate 𝑧𝑡 ,  reset gate 

𝑟𝑡, and new memory cell 𝐻̃𝑡 are all three-dimensional tensors, last two dimensions stand for spatial 

dimensions. Figure 5 shows how a ConvGRU cell uses 2D CL during transitions between the input state 

and the hidden state as well as between the hidden state and the hidden state. This makes it possible for 

future hidden state in a particular grid cell to gather relevant information locally from adjacent inputs 

and past hidden states. The size of convolutional kernel determines size of the neighbors that a grid cell 

values. Intricate tumor morphology sequences are recommended to be used with wide kernel but uniform 

tumor regions are recommended to use small kernel. 

3.5 Encoder-Decoder Seq2Seq structure 

The ConvGRU cells, a fundamental part of the ConvGRU network for creating the spatiotemporal 

categorization of breast cancers, are represented by equation (9). The encoder-decoder Seq2Seq 

architecture is found to be an effective solution to this Seq2Seq learning problem. 

In figure 6 illustrates the three tiers of the ConvGRU network design, the layers number can vary 

depending on performance parameters such as classification accuracy. ConvGRU cells and 2D CL are 

used in figure 6a, which illustrates the two primary components of a ConvGRU network: both a                 

multi-layer decoder and an encoder. 

The latent states of every layer are initialized to a zero-value tensor and are updated with the inputs 

together with the previous latent states, according to equation (9). After receiving the image slices of 

breast tumors, the first layer processes the output hidden states of the layer that came before it.  
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(a) Encoder 

 

(b) Decoder 

In figure 6. (A) 3-layer ConvGRU network in which encoder's final hidden states are used to determine decoder's 

initial hidden states. ConvGRU cells and two-dimensional CL are used in the encoder architecture. (B) ConvGRU 

cells and a two-dimensional deconvolutional layer are used in the decoder architecture 

ConvGRU cells and two-dimensional deconvolutional layers make up the decoder, which is shown in 

figure 6b. Despite the disguised state flow between layers being in the opposite direction, the decoder's 

design is similar to that of the encoder. This makes it easier to create 2-D deconvolutional layers, which 

are the 2D CL inverse process. The first layer outputs of the decoder are reduced to match the tumor's 

area of interest on the grid. 

The ConvGRU network's encoder-decoder Seq2Seq architecture works as follows: the decoder uses 

these hidden states to generate tumor classification features for the breast region, while the encoder 

compresses input breast tumor picture slices into hidden states across all layers. Consequently, the 

problem as stated in equation (10) is modeled by the ConvGRU network: 

𝑌̂𝑡+1:𝑡+𝐾 = arg max
𝑌𝑡+1:𝑡+𝐾

𝑃(𝑌𝑡+1:𝑡+𝐾 ∣ 𝑋̃𝑡−𝐽+1:𝑡) 

≈ arg max
𝑌𝑡+1:𝑡+𝐾

𝑃(𝑌𝑡+1:𝑡+𝐾 ∣ 𝑓ENC(𝑋̃𝑡−𝐽+1:𝑡+𝐼+1 ∣ 𝑊ENC)) 

≈ 𝑔DEC( 𝑓ENC( 𝑋̃𝑡−𝐽+1:𝑡+𝐼+1 ∣∣ 𝑊ENC ) ∣∣ 𝑊DEC )                                  (10) 

where the network parameters 𝑊ENCand 𝑊DEC correspond to the encoder and decoder, respectively, 

represented by 𝑓ENC( ⋅∣∣ 𝑊ENC )and 𝑔DEC( ⋅∣∣ 𝑊DEC ). 

Green lines in figure 7 divide full collection of data into training and test sets. The findings of this section 

are not utilized in training, and the performance measure is measured across the green line. 

Compensation plan for training phase. Red lines represent training windows of {(𝑋̃𝑡 , 𝑌̂𝑡)}𝑡=1
𝑇 , with 

prediction range (t + 1 to t + K) on the right and the range of conditions (t − J + 1 to t for a given t) on 

left. Each training window is situated to left of green line. figure 7 (b) The prediction range is 
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consistently placed to right of green line during testing process. 

 

a) Training       b) Testing 

Figure 7. Data setup for training and testing 

3.6 Training process 

By reducing the discrepancy between the anticipated tumor classification 𝑌̂𝑡+1:𝑡+𝐾  and the actual tumor 

classification, the parameters 𝑊𝐸𝑁𝐶
∗  and 𝑊DEC

∗  of the encoder and decoder can be optimized in a training 

dataset consisting of breast tumor image slices, represented as  Ỹ𝑡+1:𝑡+𝐾.The following is a description 

of the optimization process: 

𝑊𝐸𝑁𝐶
∗ , 𝑊DEC

∗  = arg min
𝑊ENC,𝑊DEC

∑ ℒ

𝑇−𝐾

𝑡=𝐽

(Ỹ𝑡+1:𝑡+𝐾, 𝑔𝐷𝐸𝐶(𝑓𝐸𝑁𝐶 ((X̃𝑡−𝐽+1:𝑡|𝑊ENC)|𝑊DEC)) 

= arg 𝑚𝑖𝑛
𝑊ENC,𝑊DEC

∑ ℒ

𝑇−𝐾

𝑡=𝐽

(Ỹ𝑡+1:𝑡+𝐾, 𝑌̂𝑡+1:𝑡+𝐾),                      (11) 

where the MSE is one possible choice for the loss function L. The optimization problem in equation (11) 

can be solved using Adam and other stochastic gradient descent methods. 

The training dataset is used to construct many training windows (instances) of duration J+K during 

training process, each with a distinct beginning point. For every training window, the forecast (K) 

intervals and parameters (J) remain constant. For instance, training windows can be created by changing 

t in Eq. (11) from J to 10000−K if training dataset spans from slice 1 to slice 10000. 

Training window creation is shown in figure 7a. A testing dataset {(𝑋̃𝑡 , 𝑌̂𝑡)}𝑡=𝑇+1
𝑇+𝐹  can be used to evaluate 

the ConvGRU network after it has finished training, as shown in figure 7b. 

Algorithm 1: Spatio-temporal Feature Fusion for Breast Tumor Classification 

Input: Breast tumor images or image slices (e.g., from mammography or ultrasound scans). 

1. Preprocessing: 

Normalize and resize images to a standard input size. 

Perform data augmentation (e.g., rotations, flips) to improve model robustness. 

2. Spatial Feature Extraction: 

To extract local spatial features, use a CNN. One convolutional layer and two residual layers make up 

the network. 
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3. Temporal Feature Learning: 

Pass the position-encoded features 𝐸through a multi-head attention mechanism: 

𝐴𝑡𝑡(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘

) 

𝑀𝐴𝑡𝑡(𝑄, 𝐾, 𝑉) = Concat(𝐴𝑡𝑡(𝑄1, 𝐾1, 𝑉1), . . . , 𝐴𝑡𝑡(𝑄𝑛, 𝐾𝑛, 𝑉𝑛))𝑊𝑂 

Compute the attention output and apply layer normalization and GELU activation: 

𝑍1 = 𝑀𝐴𝑡𝑡(𝑄, 𝐾, 𝑉) + 𝐸 

𝑍 = 𝐺𝐸𝐿𝑈(𝑊1 𝐿𝑁(𝑍1)) + 𝑍1 

4. Fusion Layer: 

Divide the image sequence into 𝐾segments (frames) and apply spatial feature extraction using the CNN 

and ConvGRU modules. 

Perform temporal aggregation using the fusion function 𝐺, where weights 𝜔𝑘 are learned across 

sequence frames: 

𝐺(𝐹(𝑇1), 𝐹(𝑇2), . . . , 𝐹(𝑇𝐾)) = ∑ 𝜔𝑘

𝑘

𝐹𝑘 

The aggregated feature vector is passed through the classification head and softmax layer to obtain the 

classification probability distribution 𝑌̂: 

𝐿𝑖𝑚𝑔(𝑌, 𝑌̂) = − ∑ 𝑌𝑐

𝐶−1

𝑐=0

log 𝑌̂𝑐 

where 𝐶 = 2 (binary classification). 

5. Output: 

Predict the class label (benign or malignant). 

Algorithms 1 begins by preparing the input breast tumor images, breast mammography or ultrasound 

scans, by normalization and scaling to a standard input dimension. Rotations and flips are examples of 

data augmentation techniques used to increase the model's robustness. A CNN is used for spatial feature 

extraction to identify local properties, such as tumor shape, texture, and edges, using one convolutional 

layer and two residual layers. The collected spatial characteristics are next processed through a 

Convolutional GRU (ConvGRU) module to capture the temporal dependencies among the consecutive 

image slices. Positively coded feature matrix is processed through multi-head attention mechanism to 

extract long range relationship then layer normalization and GELU activation. The temporal information 

is then combined with the spatial features by aggregation of the frames using a weighted fusion function, 

the weights of which are learnt over the sequence of the frames. The consolidated feature vector is further 

processed through a classification head and softmax layer to ascertain the class label, either benign or 

malignant, employing a binary cross-entropy loss function. The expected class attribute based on the 

tumor's characteristics is the model's output. 

EXPERIMENTAL RESULTS 

4.1 Dataset Description 

The suggested Spatial-Temporal CNN-ConvGRU architecture was trained and validated using BUSI 
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dataset that is freely available on the Internet. The BUSI dataset is composed of breast ultrasound images 

acquired for conducting experiments on computerized detection and classification of breast cancer [32]. 

This project considered the problem of binary classification of tumors into benign or malignant groups; 

however, the class of normal was disregarded during this project. The BUSI dataset is composed of a 

total of 647 breast ultrasound images, out of which 437 were benign and 210 were malignant. All images 

have been annotated by radiologists. There is an imbalance among classes in this dataset in favor of 

benign with a rate of about 2:1. 

The dataset will be divided in three sections, namely training data (70%), which will contain 453 images, 

validating data (15%) which will have 97 images, and testing data (15%) that will have 97 images. To 

ensure that the classes distribution is balanced in the train, validating, and test sets, a stratified method 

will be employed. 

Preprocessing includes image resizing to the required size of 224x224 and further normalization in the 

range [0, 1] with the use of min-max scaling. Augmentation is performed on the training dataset to 

improve model's ability to generalize and prevent overfitting. Horizontal flipping with probability 0.5, 

random rotation with amplitude ±15 degrees, random zoom with coefficient ±10%, and random change 

of contrast ±20% are applied in this regard. 

Since spatiotemporal information must be incorporated in the data to allow learning of spatiotemporal 

features via a convolutional Gated Recurrent Unit (ConvGRU) network, the preprocessing step for each 

ultrasound image includes creation of three frames, whereby the first one will contain preprocessed 

image, and second and third frames will be generated by applying some transformation (such as 

augmentation). 

The presented diversified BUSI dataset allows learning of spatiotemporal breast tumor features via the 

CNN-CGRU model architecture. 

Table 1. Characteristics of the dataset 

Attribute Description 

Dataset Name BUSI (Breast Ultrasound Images) 

Imaging Modality Ultrasound 

Total Images 647 (Benign: 437, Malignant: 210) 

Classification Type Binary Classification 

Train / Validation / Test Split 453 (70%) / 97 (15%) / 97 (15%) 

Sequence Length 3 frames per image 

Image Size 224 × 224 pixels 

The BUSI dataset is summarized in table 1 above which has been used to build the proposed spatial-

temporal CNN-ConvGRU model for the task of breast cancer classification. The BUSI dataset has 647 

breast ultrasounds where 437 are benign cases and 210 are malignant cases according to expert 

radiologists. As observed, there is an imbalance among the two classes as there are 2 benign cases for 

every one malignant case and hence the training will incorporate weights for balancing such imbalance. 

Proportional representation across all datasets is achieved using stratified splitting that divides the 

dataset to have 70%, 15%, and 15% splits for training, validation, and testing respectively. Images are 

preprocessed to standard resolution of 224×224 pixels and then normalized using data augmentation that 

incorporates random horizontal flipping, rotation, zoom, and contrast changes. Since the goal is to build 

a CNN-ConvGRU framework for capturing spatial and temporal features respectively, each ultrasound 

has 3 augmented images where the first frame corresponds to the original preprocessed image while the 

other two are augmented versions. 

4.2 Evaluation of data processing steps 

Various data preprocessing techniques were employed before training the proposed CNN-ConvGRU 

model (Table 2) in order to achieve data consistency, optimize learning process, and increase 

generalizability. In order to satisfy the input format of the CNN backbone model, all images were 
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normalized to 224×224 pixels. The [0,1] interval was used as normalization constraints on the pixel 

intensity values because it was desirable to have uniform gradient updates during training. 

Training set augmentation was executed with various strategies, including horizontal flipping, random 

±15-degree rotation, random zoom (±10%), and contrast modifications (±20%). All types of 

augmentation showed some level of true variability in images, hence being used to minimize overfitting. 

All the greyscale ultrasound images are transformed to 3-channel RGB to ensure that their properties 

comply with the requirements for pretrained CNN architecture. To solve the problem of unbalanced 

classes in BUSI dataset (437 benign samples and 210 malignant samples), the undersampled class 

(malignant) is oversampled via the usage of WeightedRandomSampler while training. That way the 

balance between the two classes will be achieved for each training batch separately, which will not lead 

to the bias towards the larger class. 

This preprocessing procedure helps to improve the performance of the neural network on recognizing 

complex and sophisticated tumor attributes using homogenous and diverse data. 

Table 2. Preprocessing pipeline 

Step Parameter / Value 

Image Resizing 224 × 224 pixels 

Normalization Min-Max Scaling to [0, 1] 

Horizontal Flipping Probability = 0.5 (applied randomly during training) 

Rotation ±15 degrees (random rotation range) 

Zoom Range ±10% 

Contrast Adjustment Brightness and contrast randomly adjusted by ±20% 

RGB Conversion Grayscale images converted to 3-channel RGB 

Class Balancing WeightedRandomSampler for oversampling minority class (malignant) 

4.3 Training Procedure with Evaluation Metrics 

Training of the CNN-ConvGRU framework is done using the preprocessed BUSI dataset using 

supervised learning. CNN backbone network initialization was done by pretraining on the ImageNet 

dataset and tuning on the breast cancer dataset using the ResNet-50 pretrained architecture. The         

CNN-ConvGRU model training process was done using the Adam optimizer at a learning rate of 1×10⁻⁴, 

batch size 16, and L2 regularization with weight decay of 1×10⁻⁵.The model will be trained for 50 epochs 

using binary cross-entropy loss due to the presence of two classes (malignant and benign). 

To overcome the class imbalance in the dataset, class weight losses have been used. In this case, inverse 

proportional class weights are used, and label smoothing of 0.075 is implemented. Dropout is set at 0.5 

to mitigate overfitting during training. 

The training routine features a learning rate scheduler ReduceLROnPlateau, which observes validation 

loss values and decreases the learning rate by a factor of 0.5 if no improvement occurs during five 

subsequent epochs. Such dynamic adaptation of the learning rate allows the model to avoid getting stuck 

at some local minima and enables better convergence. Moreover, early stopping with the patience of 10 

epochs is employed to stop training when validation loss begins to degrade. 

Performance metrics used to classify medical images are utilized to assess the model's classification 

ability. The accuracy, precision, recall (sensitivity), specificity, f1-score, area under receiver operating 

characteristic curve (AUC-ROC), Matthews correlation coefficient (MCC) and Cohen's Kappa are 

calculated. In order to evaluate the classifier's ability to predict outcomes for the imbalanced dataset, 

MCC and Cohen's Kappa are used. Confusion Matrix with a list of true positives, true negatives, false 

positives and false negatives is built. 

The test data are kept independent from the start of the entire process of training the model so that 

unbiased testing of its performance can be achieved. The trained model shows great accuracy in 
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classifying tumors in the breast with excellent generalizability among various image datasets. 

This table 3 shows the architecture details and parameters used for the evaluation of the CNN-ConvGRU 

model. For the model training, ResNet-50 architecture is used as the backbone that has been pre-trained 

on the ImageNet dataset. The model was trained for 50 epochs using the Adam optimizer having a 

learning rate of 1×10⁻⁴. Binary cross-entropy loss function with class weight, label smoothing (0.075), 

weight decay (1×10⁻⁵), and dropout (0.5) were used during training. The learning rate reduction is done 

after every 5 epoches in case the validation loss has not been changed using ReduceLROnPlateau 

scheduler. In addition, early stopping with patience value equal to 10 epoches stops the training process 

when no improvement has occurred in the validation set. The model reached 95.41% accuracy, 88.57% 

precision, 96.88% recall (sensitivity), 93.94% specificity, 92.54% F1-score, AUC-ROC = 0.9867, MCC 

= 0.8888, and kappa = 0.8867. 

Table 3. Model training configuration and evaluation metrics 

Category Parameter / Metric Value / Description 

Training Configuration CNN Backbone ResNet-50 (pretrained on ImageNet) 

Optimizer Adam 

Learning Rate 1 × 10⁻⁴ 

Batch Size 16 

Number of Epochs 22 

Loss Function Binary Cross-Entropy (with class weighting) 

Label Smoothing 0.075 

Weight Decay 1 × 10⁻⁵ 

Dropout Rate 0.5 

Learning Rate Scheduler ReduceLROnPlateau (factor = 0.5, patience = 5) 

Early Stopping Patience = 10 

Input Image Size 224 × 224 × 3 

Sequence Length 3 frames per image 

Training / Validation / Test Split 70% / 15% / 15% 

Evaluation Metrics  Accuracy 95.41% 

Precision 88.57% 

Recall (Sensitivity) 96.88% 

Specificity 93.94% 

F1-Score 92.54% 

AUC-ROC 0.9867 

MCC 0.8888 

Cohen’s Kappa 0.8867 

4.4 Evaluation metrics: 

• TP= True Positives 

• TN=True Negatives 

• FP= False Positives 

• FN=False Negatives 

Accuracy: 

The percentage of accurate predictions relative to the total predictions is represented by the value in 

equation (12). 

Accuracy =
TP + TN

TP + TN + FP + FN
                                                              (12) 

Precision: 

Equation (13) shows the ratio of real positive predictions to all positive predictions generated by the 

model. 
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Precision =
TP

TP + FP
                                                                                     (13) 

Recall (Sensitivity): 

The proportion of correctly identified real positive occurrences by the model is indicated by equation 

(14). 

Recall =
TP

TP + FN
                                                                                          (14) 

F1-Score: 

Equation (15) provides the harmonic mean of precision and recall as a means of creating a balance 

between the two metrics. 

F1-Score = 2 ×
Precision × Recall

Precision + Recall
                                              (15) 

Specificity  

Equation (16) measures the model's ability to correctly identify benign tumors: 

Specificity =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
                                                                  (16) 

Matthews Correlation Coefficient (MCC)  

Equation (17) provides a robust balanced metric for binary classification, particularly suitable for 

imbalanced datasets: 

MCC =
𝑇𝑃 ⋅ 𝑇𝑁 − 𝐹𝑃 ⋅ 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
  (17) 

Cohen's Kappa (κ)  

Equation (18) measures inter-rater agreement adjusted for chance, comparing observed accuracy against 

expected random agreement: 

𝜅 =
𝑝𝑜 − 𝑝𝑒

1 − 𝑝𝑒
                                                                                  (18) 

where 𝑝𝑜is the observed accuracy and 𝑝𝑒is the expected probability of random agreement. 

Area Under the Receiver Operating Characteristic Curve (AUC-ROC)  

Quantifies the model's discriminative ability across all classification thresholds through numerical 

integration of the ROC curve, with values closer to 1.0 indicating superior separation between malignant 

and benign classes. Collectively, these metrics provide comprehensive evaluation of classification 

performance suited for clinical medical imaging applications. 

4.5 Training and Validation Performance  

In figure 8 illustrates the training and validation metrics over 22 epochs obtained for the CNN-ConvGRU 

model trained for BUSI breast tumor classification. Metrics illustrated in the top row figure 8 (a-c) 

include loss, F1, and AUC-ROC respectively while recall, specificity, and MCC (Matthews Correlation 

Coefficient) are illustrated in the bottom row figure 8 (d-f). Blue solid lines indicate training metric 

values whereas the validation metrics are represented by orange dashed lines. Training loss converges 
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quickly from 0.65 to 0.18 within the first 10 epochs whereas the validation loss is at its minimum value 

0.27. F1 score converges in a healthy way obtaining training F1 = 0.98 and validation F1 = 0.84 by 

epoch 12. Recall converges to 0.93 while specificity converges to 0.94. The model demonstrates very 

good sensitivity in detecting malignant tumors and good specificity in classifying benign ones. The value 

of validation AUC-ROC metric is equal to 0.957 being above clinical threshold values (>0.90). 

 

Figure 8. Training and validation history of CNN-ConvGRU model 

4.5 Test Set Evaluation 
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Figure 9. Test-set performance evaluation of CNN-ConvGRU model 

In figure 9 illustrates the detailed test set performance analysis of the CNN-ConvGRU architecture 

independent test images from the BUSI dataset. Figure 9 (a) illustrates an overall analysis which includes 

an accuracy of 95.4%, a recall of 96.9% (most important diagnostic metric), a specificity of 93.9%, an 

F1 score of 92.5%, and the additional metrics of the MCC (0.889) and Cohen’s κ (0.887) ensuring model 

agreement not due to randomness. The ROC-AUC in figure 9 (b) illustrates a ROC curve of 0.9867, 

ensuring an excellent discrimination at all decision thresholds with the ROC curve remaining far above 

the random classifier line. The per-class performance in figure 9(c) shows that for benign tumours the 

precision is 98.4% and the recall is 93.5% while for malignant tumours, the recall is 96.9% (clinically 

very important) and precision is 95.4%, showing equal diagnostic capability for both classes with a 

macro F1 of 94.3%. Finally, figure 9 (d) illustrates the normalized confusion matrix where there is a true 

negative rate of 93.9% (benign) and true positive rate of 96.9% (malignant), while there are minimal 

amounts of errors. 

 

Figure 10. Representative CNN-ConvGRU test set predictions on busi breast ultrasound images 

In figure 10 illustrates sample predictions from the CNN-ConvGRU method on independent test data 

based on their ground truth categories. The first row contains four samples of successfully predicted 

malignant tumors with prediction confidence of 91.7%, 96.8%, 85.8%, and 95.9%. These tumors share 

common features such as irregular tumor borders, heterogeneous echo patterns, and infiltrative structure 

specific for malignant tumors in clinical breast ultrasounds. In the second row there are four successful 

cases of benign tumors with prediction confidence of 95.8%, 94.6%, 96.1%, and 95.9%, proving the 

method’s ability to distinguish between smooth well-defined tumor contours and homogeneous inner 

echoes that are typical for benign tumors. Green outlines are used for correctly predicted tumors while 

red ones are used for those incorrectly recognized by the model. High confidence values ranging between 

85.8% and 96.8% illustrate good feature extraction ability of the model that utilizes inter-slice 

dependencies using the ConvGRU layer. 
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4.6 Comparison with Baseline Models 

Table 4. Comparison of CNN-ConvGRU with baseline models on BUSI dataset 

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%) 

EfficientNetB7 78.85 79.77 78.85 79.14 92.56 

DenseNet121 78.85 78.65 78.85 78.52 91.39 

ConvNeXtTiny 86.54 86.64 86.54 86.39 94.55 

XGBoost Ensemble  87.18 87.29 87.18 87.00 93.01 

Soft Voting Ensemble [31] 88.46 88.49 88.46 88.45 95.38 

CNN-ConvGRU  95.40 88.57 96.88 92.54 98.67 

 

Figure 11. comparative performance analysis of CNN-ConvGRU against baseline models 

In this table 4 and figure 11 illustrate a detailed comparison between the proposed CNN-ConvGRU 

model and five state-of-the-art baseline models on the BUSI breast ultrasound dataset, where the model 

performance is measured using five important evaluation metrics: accuracy, precision, recall, F1 score, 

and AUC. From this comparison, it can be seen that the proposed model surpasses all other approaches 

for these evaluation metrics, with 95.4% accuracy (+7.0%), 96.9% recall (highest importance metric due 

to malignancy detection requirement, +8.4%), and 98.7% AUC (+3.3% compared to Soft Voting 

Ensemble). On the one hand, the precision is very close to those of baseline ensemble approaches at 

88.6%. On the other hand, traditional CNN approaches such as EfficientNetB7 and DenseNet121 

perform poorly with accuracy around 78.8-78.9%. More modern CNNs such as ConvNeXtTiny and 

ensemble approaches perform relatively well with accuracy in 86.5%-88.5% range; however, all still lag 

behind the proposed spatial-temporal fusion approach. The consistent superiority of CNN-ConvGRU 

across all five metrics highlights the critical advantage of combining CNN-learned spatial features with 

ConvGRU-modeled temporal dependencies, validating the spatial-temporal feature fusion methodology 

for breast tumor classification in clinical ultrasound scenarios. 

4.7 Ablation Study 

In this table 5 and figure 12 show the ablation study results for the progressive contribution of different 

architectural components to the overall model performance measured in five evaluation criteria 
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(accuracy, F1-score, AUC, recall, precision). The pure CNN model (baseline S1) reaches 88.8% 

accuracy and 96.3% AUC, laying down a solid basis in spatial feature extraction. Addition of the Global 

Spatial Attention module (S2) brings a significant boost to accuracy (+4.1% up to 92.9%), along with 

achieving perfect 100% recall (perfect malignancy detection) and poor 82.0% precision                                 

(over-classification bias). With introducing the ConvGRU Encoder (S3), the performance drops slightly 

in terms of accuracy (90.8%) as a result of the information compression effect without using the Decoder 

module. 

Table 5. Progressive ablation study - architectural contribution analysis 

Stage Model Configuration 
Accuracy 

(%) 

F1 Score 

(%) 

AUC 

(%) 

Recall 

(%) 

Precision 

(%) 

S1 CNN only 88.8 83.1 96.3 84.4 81.8 

S2 CNN + GlobalSpatial 92.9 90.1 98.2 100.0 82.0 

S3 
CNN + GlobalSpatial + 

ConvGRU Encoder 
90.8 87.1 94.5 84.8 85.7 

S4 
CNN + GlobalSpatial + 

Encoder + Decoder 
88.8 84.5 96.1 93.8 76.9 

S5 Full Model (+ TSN Fusion) 95.4 92.5 98.7 96.9 88.6 

The Encoder-Decoder Seq2seq model architecture (S4) reduces the accuracy to 88.8% due to the conflict 

in reconstruction-related objectives. The combination of all architectural parts in the model including 

TSN Fusion (S5) leads to the highest performance: 95.4% accuracy (+6.6% compared to the baseline), 

96.9% recall (balanced sensitivity), 98.7% AUC (clinical discrimination capacity), and 88.6% precision 

(specificity), proving the effectiveness of a proposed spatial-temporal model pipeline. 

 

Figure 12. Progressive architectural contribution — ablation study of CNN-ConvGRU components 

CONCLUSION 

In this work, a unique spatial-temporal deep learning model combining CNNs and ConvGRUs is 

designed and applied to the BUSI database in order to improve the classification task. The overall high 

diagnostic accuracy was shown, where the accuracy, recall, precision, F1-score, and AUC were found 

to be 95.40%, 96.88%, 88.57%, 92.54%, and 0.9867, respectively. Based on the analysis, the proposed 
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model proved to have significantly higher accuracy than other existing baseline algorithms, including 

EfficientNetB7, DenseNet121, ConvNeXtTiny, XGBoost Ensemble, and Soft Voting Ensemble. It can 

be stated that both spatial characteristics captured through CNNs and temporal relationship modeled via 

ConvGRUs were important for increasing the overall classification accuracy, decreasing false negatives 

and increasing robustness, especially when dealing with morphologically diverse tumor images. As 

shown through an ablation study, each of the three components introduced (i.e., Global Spatial attention, 

ConvGRU Encoder-Decoder, and TSN Fusion) contributed to the final outcome, leading to a +6.6% 

increase in accuracy compared to the pure CNN baseline. In addition, preprocessing that included 

horizontal flipping, rotation, zoom, and class balancing helped avoid overfitting. 

Further research can focus on the use of improved attention models along with large-scale datasets 

involving more institutions for better generalizability. In addition, a multi-class approach toward the 

detection of different stages of cancer using this framework can be considered for increasing clinical 

utility. Clinical implementation of this method would provide evidence regarding the applicability of 

this method in practice. 
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