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Abstract: In order to improve patient outcomes, rapid and repeatable characterisation of hepatic tumours by computed tomography 

(CT) is essential. Liver cancer is still one of the most deadly cancers in the world. Although traditional volumetric (3D) segmented 

networks accurately identify lesions, their utility for real time screenings on commodity hardware is restricted due to their high 

computational cost and delay. A compact a convolutional neural network (CNN) which classifies hepatic regions as benign, 

malignant, or normal is the main contribution of this works lightweight classification framework. An upstream, anchor less 

YOLOv8 stage provides candidate regions for lesion localisation. A semi supervised U-Net pipeline is used to transform volumetric 

research from the LiTS, 3DIRCADb, along with CHAOS collections into annotated 2D axial slices. While the upstream localisation 

step runs at about 30 ms per slice, the CNN classification stage achieves a mean per class accuracy of about 95% (0.96 normal, 

0.94 benign, and 0.95 malignant) with minor, symmetric inter class confusion on the curated test set. A Flask web interface that 

overlays areas, confidence scores, as well as lesion labels in real time, provides access to the framework. The findings show that 

early liver cancer screening is a good fit for a lightweight, scalable classification pipeline, future research should focus on improving 

small lesion localisation. 
Keywords: Liver tumor detection, YOLOv8, CT imaging, convolutional neural networks, lesion classification, lightweight deep 

learning, real time inference. 
 

1. Introduction  
One of the main causes of cancer-related death is hepatic malignancies, and the prognosis is highly dependent 

on the timely and precise detection of lesions. The primary method for assessing the liver is computed tomography 

(CT), however manually scanning large axial stacks is time consuming and dependent on inter reader variability, 

fatigue, & picture quality. By learning structure based on raw data, deep learning has transformed medical image 

processing by eliminating the need for manually created features and facilitating quicker, more reliable, data driven 

diagnoses [3], [4]. In particular, convolutional neural networks (CNNs) have emerged as a key component of CT, 

magnetic resonance, evaluate ultrasound analysis, where they reliably detect, segment, and characterise lesions [5], 

[13]. This advancement has been expedited by public benchmarks. Standardised data and evaluation processes are 

provided by the Liver Tumour Segmentation (LiTS) task and related collections, enabling approaches to be reliably 

and objectively compared [1]. Variants of U-Net, ResNet, while You Only Look Once (YOLO) have shown accurate 

and rapid inference on these datasets, while hybrid designs that mix complimentary architectures have further 

improved detection quality [2], [9], [11]. There are still significant gaps in spite of these developments. Modern 3D 



617 

networks, such transformer based segmenters and volumetric U-Net derivatives, achieve good delineation but are slow 

and computationally demanding, making them unsuitable for inference in real time on modest hardware [7], [8], and 

[17]. Furthermore, integrated frameworks that localise and characterise lesions inside a single deployable pipeline are 

required because the majority of research optimise either identification or segmentation separately. 
In order to fill those gaps, this article uses a two stage hybrid design that is purposefully lightweight. In order 

to preserve diagnostically useful content while drastically lowering memory and compute, volumetric CT images first 

undergo projection to meaningful 2D axial slices. Following the localisation of potential lesions by an anchor free 

YOLOv8 detector, each detected location is classified as normal, benign, or malignant using a compact CNN. The two 

phases are integrated into a browser based clinical dashboards that provides real-time annotated outcomes. The 

following are this work's main contributions: 
1) A small CNN classifier that can operate in real time upon commodity hardware and differentiate between 

normal, benign, as well as malignant hepatic tissue having an accuracy of about 95% mean per-class. 
2) A cost effective pipeline that avoids heavyweight volumetric processing by converting 3D CT volumes onto 

2D slices and supplying regions of interest to the classifier via a preceding anchor free YOLOv8 stage. 
3) A semi-supervised annotation process that reduces the labelling burden of volumetric data by generating liver 

and lesion masks using a U-Net segmentation model, converting them to region annotations, and manually 

refining them.  
4) A Flask based clinical dashboard that shows a workable route to connect with hospital information systems 

by exporting batch results as CSV and superimposing candidate regions, confidence scores, with lesion 

labels. 
This is how the rest of the paper is structured. In Section II, relevant research on lightweight models, YOLO 

based medical detection, and deep learning for liver imaging is reviewed. The datasets and preparation are covered in 

Section III. The suggested approach, including the training algorithm and the mathematical formulation, is described 

in Section IV. Results are reported and discussed in Section V. Limits as well as potential future paths are discussed at 

the end of Section VI. 

2. Related Work 

2.1. Deep Learning for Liver Lesion Detection and Segmentation 
The LiTS benchmark created a standard framework for liver along with lesion analysis and continues to be the 

benchmark dataset used to assess novel approaches in a variety of clinical settings [1]. The therapeutic relevance of 

thorough, automated tumor burden evaluation was highlighted by Balaguer Montero et al.'s introduction of SALSA, 

a fully automated technique for identifying and characterising all liver tumours on CT across varied procedures and 

tumour types [2]. Early CNN methods for hepatocellular carcinoma (HCC) demonstrated that learnt features can equal 

expert delineation for large masses by combining U-Net segmentation with domain adaption and reporting good lesion 

identification with contrast enhanced CT [5]. He et al. achieved high liver Dice scores but significantly lower tumour 

Dice (0.64-0.73) by combining residual attention U-Net models to liver and a multi scale 3D version for tumour and 

ablation zone segmentation [6]. This underscores the ongoing challenge of small lesion delineation. Recent research 

uses hybrid and attention driven architectures to improve segmentation accuracy. With average Dice scores of 0.844 

along with 0.832 on LiTS and 3DIRCADb, respectively, Shin et al. introduced G-UNETR++, a gradient enhancing 

hybrid of U-Net as well as vision transformers [7]. To increase boundary fidelity, Zhang et al. developed multi-scale 

adaptive feature fusion incorporating global context awareness [8]. Although these techniques provide good 

demarcation, real time clinical implementation is limited by their reliance on volumetric processing with significant 

GPU resources. 

2.2 YOLO and Real-Time Detection in Medical Imaging 
For medical imaging, single stage detectors have gained popularity due to their competitive accuracy and real-

time inference. YOLO has been quickly adopted in medicine for lesion diagnosis, polyp localisation, and tumour 

screening, according to systematic studies [4], [19]. YOLOv5-YOLOv8 versions show good precision and mAP across 

multiple tasks, although continuing difficulties with small, low-contrast objects are noted. In clinical settings, Cai et 

al. contrasted YOLO with two stage detectors such Faster R-CNN also RetinaNet and compiled industry standards for 

evaluation [19]. The architectural advancements such as anchor-free heads, decoupled prediction branches, as well as 

successful feature aggregation, that make more current iterations of the YOLO family ideal for medical applications 

are traced in a decadal review [18]. In particular, Abdulsahib et al. proposed a YOLOv8 classification method approach 
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for liver cancer [10], Stephe et al. integrated a transformer based attention-guided classification network with a hybrid 

classification algorithm for liver tumours [11], Randar et al. applied YOLOv8 based systems to the liver and tumour 

segmentation task on LiTS [9], and an optimized module YOLOv8 design has further improved detection on hepatic 

CT [12]. For the classification of liver tumours, feature extraction based pipelines that combine deep classifiers with 

traditional descriptors have also been investigated [13]. These findings demonstrate the usual challenge of locating 

tiny lesions with low contrast slices while also confirming the potential of YOLO for hepatic lesions. 

2.3. Transformer and Hybrid Architectures 
Long range information that convolutional fields of reception miss is captured by transformer-based 

segmenters. For medical segmentation, Swin-Unet developed a pure transformer U-shaped encoder decoder [15], Swin 

UNETR modified shifted window self attention for volumetric tumour segmentation [16], and SwinUNETR-V2 

restored stagewise convolutions to fortify the foundation across several organ benchmarks [17]. Using a CNN based 

architecture, HTRecNet showed effective and precise separation of HCC, cholangiocarcinoma, with normal liver 

tissue [14]. When latency along with hardware are limiting issues, these context rich yet computationally demanding 

methods reinforce the need for lighter alternatives. 

2.4. Lightweight and Resource Efficient Models 
Effectiveness for deployment in edge as well as commodity hardware is the focus of an increasing amount of 

research. The main levers for minimising footprint without compromising accuracy, according to surveys of edge deep 

learning as well as lightweight object identification are pruning, quantisation, knowledge distillation, including 

compact backbones [20], [21]. MedNet, a light-weight attention augmented CNN for medical classification that 

combines depthwise-separable convolutions using CBAM style attention [19], LDMRes-Net, a compact categoriser 

for IoT and edge devices [22], lightweight CNNs for colon cancer tissue classification [23], and a low parameter CNN 

for brain tumour diagnosis [24] are some concrete examples. In order to maintain near full performance at a portion 

of the parameter and training cost, parameter efficient tuning of large language models, such as the SCALE technique 

for Basahel, Giriyappa et al., selectively modify only the most influential layers [25]. This efficiency philosophy goes 

beyond vision. The current architecture, which consists of a lightweight detector with a compact classifier rather than 

an individual heavyweight volumetric network, is directly motivated by SCALE's key insight, that careful, selective 

capacity allocation can keep accuracy while substantially decreasing computation. The idea that an integrated and 

lightweight classify and detect pipeline provides a workable path to continuous liver-lesion analysis is supported by 

the body of research. 

3. Datasets And Preprocessing 

3.1. Datasets 
Three publicly available, expert annotated collections that collectively offer enough anatomical variety and 

pathological complexity for trustworthy liver analysis are used to design and assess the framework. Table I provides 

a summary of their traits. 
The reference benchmark for liver along with hepatic-lesion delineation is LiTS (Liver Tumour Segmentation 

Challenge) [1], which provides 131 volumetric CT images from the MICCAI 2017 challenge. The Institut de 

Recherche contre les Cancers de l'Appareil Digestif (IRCAD) provided the 3DIRCADb dataset [26], which includes 

20 3D CT examinations with thorough annotations of tumours and associated vasculature, offering difficult anatomical 

scenarios. A strong baseline for differentiating between sick and normal liver is established by CHAOS (Combined 

Healthy Abdominal Organ Segmentation) [27], which offers CT and MR investigations of healthy abdomens with 

expert organ borders. 
TABLE I. Summary of dataset characteristics. 

Dataset Modality Primary Focus Annotation Type 

LiTS CT Liver & tumor segmentation Volumetric masks (liver/lesion) 

3DIRCADb CT Advanced surgical planning Multi-organ & vascular masks 

CHAOS CT & MRI Multi-organ segmentation Healthy organ boundaries 

3.2. Preprocessing and Augmentation 
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A controlled preparation workflow (Fig. 1) intended for speed and robustness is applied to raw studies. To 

ensure that Hounsfield Unit (HU) ranges are uniform among scanners, slices are scaled to a standard resolution along 

with pixel intensities are normalised. An HU window of - 100 to +400 reduces unnecessary architecture and highlights 

hepatic tissue. Every slice flows as a picture with a set resolution. Training uses horizontal as well as vertical flips, 

affine rotations of ±15°, scaled between 0.9× and 1.1×, and brightness normalisation to lessen overfitting and address 

the lack of annotated medical data. These modifications enhance generalisation across orientations as well as 

acquisition conditions and increase the effective data distribution. 

 
Fig. 1. Representative axial CT slices from the study collections, illustrating the variability addressed by the 

resizing, HU-windowing, and normalization preprocessing pipeline. 

4. Proposed Methodology 
Five steps make up the proposed system: (i) preprocessing and data conversion; (ii) semi-supervised annotation 

with dataset structuring (iii) YOLOv8 based lesion detection; (iv) CNN based lesion classification (v) deployment via 

a Flask clinical dashboard. Fig. 2 depicts the overall architecture. To promote precision, speed, and real time operation, 

each stage is constructed as a modular component. 

4.1. Data Conversion and Preprocessing 
In order for 2D models to use volumetric studies saved in DICOM (.dcm) along with NIfTI (.nii) formats, they 

are broken up into axial slices. NiBabel and Pydicom are utilised to read metadata, and OpenCV is utilised for scaling. 

Each slice is saved at a common resolution and divided into training, validation, test, and standard folders following 

HU windowing (-100 to +400) as well as intensity normalisation. This ensures that samples with and without lesions 

are appropriately balanced between splits. While maintaining diagnostically relevant content, converting from 3D to 

2D significantly lowers computational load. 
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Fig. 2. Proposed pipeline for liver tumor detection and classification: preprocessing, anchor-free YOLOv8 

detection, decision on tumor presence, compact CNN classification, and a Flask-based web dashboard for 

deployment. 

4.2. Semi-Supervised Annotation and Dataset Structuring 
Semi supervised annotation generation is used. The Segmentation Models PyTorch package [29] is used to 

create a U-Net segmentation model that automatically generates liver and lesion masks, which are then transformed 

into YOLO format bounding boxes. Let  be a binary lesion mask. The extremal values of the pixels in the foreground 

are used to determine the tightest axes-aligned box encompassing the positive region: M∈0,1H×W 
x₁ = min{ j : M(i,j)=1 },   y₁ = min{ i : M(i,j)=1 } (1) 

x₂ = max{ j : M(i,j)=1 },   y₂ = max{ i : M(i,j)=1 } (2) 

Next, in relation to the image dimensions W and H, the box is represented in normalised YOLO coordinates 

(center, width, and height): 
cₓ = (x₁+x₂) / 2W,   c_y = (y₁+y₂) / 2H (3) 

w = (x₂−x₁) / W,   h = (y₂−y₁) / H (4) 

 To enhance annotation quality, all automatically generated boxes are manually examined and adjusted using 

LabelImg. Classification and detection tasks have the same class definitions, and the curated dataset is divided 

80/10/10% for training, validation, as well as testing. 

4.3. YOLOv8-Based Lesion Detection 
The anchor free YOLOv8n detection from the Ultralytics architecture [28] is used for lesion localisation; it is 

fine tuned on the selected hepatic CT slices after being initialised with COCO pretrained weights. In contrast to 

previous anchor based YOLO variations, the detector uses a CSPDarknet backbone with a decoupled, anchor free 

head and a Path Aggregation Network (PAN) neck enabling multiscale feature fusion, which increases sensitivity to 

small lesions and speeds convergence [30]. 640x640 input resolution, 16 batches, 50 epochs, stochastic gradient 

descent based on a cosine annealing learning-rate schedule, as well as early halting are used during training. A 

weighted average of a distribution focal/CIoU localisation term, an objectness or classification term, and a class term 

is used to optimise the detector using a standard YOLOv8 multi-task objective: 
L_det = λ_box · L_box + λ_obj · L_obj + λ_cls · L_cls (5) 

where the bounding box losses couples Regression of the entire IoU with distribution focused loss. The CIoU 

phrase for a ground truth box B and a forecasted box B̂ is 
L_CIoU = 1 − IoU + ρ²(b,bᵍ)/c² + αν (6) 

with ρ(·) the Euclidean distance between box centres b and bᵍ, c the diagonal of the smallest enclosing box, ν a 

measure of aspect ratio consistency, and α its trade off weight. Detection quality is summarized by the mean Average 

Precision at IoU 0.5, 
mAP@0.5 = (1/N) · Σₖ APₖ ,   AP = ∫₀¹ p(r) dr (7) 

where p(r) is the precision recall curve and the integral is approximated over the recall axis. Detector outputs 

(boxes and confidence scores) are saved in YOLO text format and passed to the classification stage. Qualitative 

detections across a CHAOS slice montage are shown in Fig. 3. 
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Fig. 3. YOLOv8 detections across a montage of axial CHAOS CT slices. Predicted hepatic regions are drawn 

as bounding boxes with associated confidence scores. 

4.4. CNN-Based Lesion Classification 
Each region localized by YOLOv8 is cropped from the source slice and resized to 224×224 before being passed 

to a compact CNN classifier. The network stacks four convolutional blocks, each following the pattern convolution 

→ batch normalization → ReLU → max-pooling, followed by two fully connected layers that output class 

probabilities for normal, benign, and malignant tissue. A single block is described by 
a⁽ˡ⁾ = MaxPool( ReLU( BN( W⁽ˡ⁾ * a⁽ˡ⁻¹⁾ + b⁽ˡ⁾ ) ) ) (8) 

where * denotes convolution and a⁽ˡ⁾ is the activation map of layer l. The final logits are mapped to class 

probabilities with the softmax function, 
p(y=k | x) = exp(zₖ) / Σⱼ exp(zⱼ) (9) 

and the network is trained by minimizing the categorical cross entropy loss over C = 3 classes, 
L_cls = − Σₖ₌₁ᶜ yₖ · log p(y=k | x) (10) 

Optimization uses Adam with a learning rate of 1×10⁻⁴ for 30 epochs, with early stopping and learning rate 

decay to stabilize convergence. The trained weights are serialized for reuse in the deployment stage. 

4.5. Flask-Based Clinical Dashboard 
The CNN classifier and the YOLOv8 detector are housed in a Flask online dashboard that encompasses the 

entire inference workflow. Bounding boxes, confidence scores, in addition lesion labels are instantly superimposed on 

CT slices uploaded by clinicians. The service exposes RESTful endpoints that have been verified for proper behaviour, 

offers batch processing, as well as exports results as CSV for interaction with medical information systems. Figs. 6 

and 7 display typical dashboard outputs indicating a tumor free slice and a detected focal nodal hyperplasia (FNH) 

lesion. 
Algorithm 1: Detect-then-classify liver lesion pipeline 
Requirements: pretrained YOLOv8n; U-Net segmenter; CT volumes V (DICOM/NIfTI) 
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Verify: Overlays and labels for each region (normal, benign, and cancerous) 
1:  for each volume v in V do 
2:      slices ← axial_decompose(v); apply HU window [−100,+400]; normalize; resize 
3:  end for 
4:  for each slice s do                              ▷ semi-supervised annotation 
5:      M ← UNet_segment(s) 
6:      boxes ← mask_to_yolo(M)        using Eq. (1)–(4) 
7:      boxes ← manual_refine(boxes)            ▷ LabelImg 
8:  end for 
9:  split data 80/10/10 (train/val/test), balancing lesion vs. non-lesion 
10: train YOLOv8n by minimizing L_det               Eq. (5)–(6) 
11: train CNN classifier by minimizing L_cls         Eq. (8)–(10) 
12: for each test slice s do                          ▷ inference 
13:     D ← YOLOv8(s)                       ▷ boxes + confidences 
14:     for each detection d in D do 
15:         r ← crop(s, d); r ← resize(r, 224×224) 
16:         ŷ ← argmax_k softmax(CNN(r))     Eq. (9) 
17:         render(s, d, ŷ)               ▷ Flask dashboard 
18:     end for 
19: end for 

5. Experimental Results And Discussion 
The carefully chosen 2D test split is used to assess the framework. Classification performance is presented first 

and in the greatest depth because the classifier is the main contributor; the upstream YOLOv8 localisation step is then 

described as a supporting component. Every graphic is taken straight from the confusion matrix and output plots of 

the model. 

5.1. Lesion Classification (Primary Task) 
The CNN classifier's normalised confusion matrix is displayed in Fig. 4. With minor and generally symmetric 

off-diagonal confusion, diagonal pixel values, 0.96 with normal, 0.94 for benign, along with 0.95 for malignant tissue, 

show a mean per-class accuracy of about 95% (Table II). Because lesions that are benign or malignant appear to 

overlap on non-contrast slices, the main cause of mistake is a slight confusion between the two. These findings verify 

that the compact classifier reliably distinguishes between the three tissue groups provided a region is appropriately 

localised. 
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Fig. 4. Normalized confusion matrix of the CNN classifier for normal, benign, and malignant liver tissue. 

Diagonal entries denote correct per-class rates. 
TABLE II. Per-class performance of the CNN classifier (from the normalized confusion matrix, Fig. 4). 

Class Correct rate Misclassified as (rate) 

Normal 0.96 Benign 0.02 / Malignant 0.02 

Benign 0.94 Normal 0.03 / Malignant 0.03 

Malignant 0.95 Normal 0.02 / Benign 0.03 

Mean 0.95 — 

5.2. Upstream Localization Stage (Supporting) 
The initial YOLOv8 stage provides the classifier with lesion candidates; Table III and Fig. 5 summarise its 

operational characteristics. This stage is tuned for high recall during low confidence thresholds because it only 

proposes regions for classification rather than making a final clinical decision. The recall confidence curve (Fig. 5d) 

reaches 0.76, guaranteeing that the majority of lesions are sent to the classification algorithm, while precision rises 

toward 1.00 with high confidence (≈0.773, Fig. 5b). The F1 confidence curve (Fig. 5c) peaks with 0.53 at a threshold 

of 0.243, while the precision recall curve (Fig. 5a) produces mAP@0.5 = 0.44. The recall oriented operational point 

keeps lesion in a pipeline for the classifier, and enhancing this stage is the main focus of future study. These values 

are typical of single stage localisation of small and low contrast hepatic tumours on individual 2D slices. The stage 

operates well within real time budgets, running at about 30 ms each slice. 

  
(a) Precision–Recall (b) Precision–Confidence 
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(c) F1–Confidence (d) Recall–Confidence 

Fig. 5. Operating characteristics of the upstream YOLOv8 localization stage for the lesion class: (a) 

precision–recall (mAP@0.5 = 0.44); (b) precision–confidence (precision → 1.00 at ≈ 0.773); (c) F1–confidence 

(peak F1 = 0.53 at 0.243); (d) recall–confidence (peak recall = 0.76, the recall oriented operating point used to 

forward candidates to the classifier). 
TABLE III. Operating characteristics of the upstream YOLOv8 localization stage, read from Fig. 5. 

Metric Value Operating point 

mAP@0.5 (tumor) 0.44 IoU = 0.5 

Peak F1 0.53 confidence = 0.243 

Peak recall 0.76 low confidence 

Precision → 1.00 1.00 confidence ≈ 0.773 

Inference time ≈ 30 ms/slice single GPU 

5.3. Qualitative Deployment Results 
The Flask dashboard is seen in use in Figs. 6 and 7. The system provides a "No Tumour Detected" status for a 

tumor free slicing (Fig. 6), demonstrating an accurate negative prediction. The dashboard reports the expected lesion 

type and overlays bounding boxes containing confidence scores for a slice with a localised nodular hyperplasia lesion 

(Fig. 7). As a result, the interface integrates visualisation, categorisation, and detection into just one clinician-facing 

tool. 
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Fig. 6. Dashboard output for a tumor-free slice: the framework reports a correct negative (“No Tumor 

Detected”) prediction. 

 
Fig. 7. Dashboard output for a detected focal nodular hyperplasia (FNH) lesion, with bounding boxes, 

confidence scores, and the predicted lesion type. 

5.4. Comparison with Related Methods 
The suggested framework is compared to representative liver-imaging techniques in Table IV. The table is meant 

to be a qualitative landscapes rather than a comparable ranking because various studies focus on distinct tasks 

(segmentation, identification, or classification) and give different principal metrics on different splits; values are the 

numbers reported by each source. The current pipeline sacrifices peak localisation accuracy for a significantly lighter, 

real time detect and classify design with dependable lesion characterisation (≈95% per-class accuracy) as well as a 

deployable interface, while segmentation oriented techniques like G-UNETR++ as well as residual attention U-Net 

achieve high Dice scores but depend on volumetric processing along with heavier compute. 
TABLE IV. Representative liver-imaging methods and their reported primary metrics. Metrics are not directly 

comparable across tasks/datasets. 
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Method Year Task Reported primary metric 

Proposed YOLOv8–CNN 

(this work) 
2026 Detection + 

classification 
Class. acc ≈ 0.95; det. mAP@0.5 = 

0.44; ≈30 ms/slice 

G-UNETR++ [7] 2026 Segmentation Dice 0.844 (LiTS) / 0.832 

(3DIRCADb) 

RA-UNet (He et al.) [6] 2021 Tumor 

segmentation 
Tumor DSC 0.64–0.73 

U-Net + domain adapt. [5] 2022 HCC detect + 

segment 
Sensitivity 1.00; Dice 0.81 

YOLOv8 on LiTS [9] 2024 Detection / 

segmentation 
Real-time YOLOv8 baseline 

YOLOv8 classification 

[10] 
2025 Liver cancer 

classification 
YOLOv8-based classifier 

The architecture trade off at the core of this work is made clear by the comparison. Although heavyweight 

volumetric segmenters continue to be the most accurate for demarcation, bedside screening is hampered by their 

latency and technology requirements. In accordance with the larger efficiency literature [20]-[25], the suggested 

pipeline maintains inference throughout a real time budget and operates on commodity hardware by converting volume 

data to slices and combining a lightweight localiser with a compact classifier, all while providing dependable lesion 

characterisation (≈95% per class accuracy). The localisation step (mAP@0.5 of 0.44), that are the most obvious area 

for future improvement, bears the majority of the expense of this efficiency. 

6. Conclusions 
In this article, a light-weight CNN framework with an upstream YOLOv8 localisation stage for liver lesion 

identification on CT was reported. The system conducts classification and visualisation in a single reusable, real time 

pipeline that is provided via a Flask dashboard by projecting volumetric research to 2D slices, suggesting candidate 

locations with an anchor free localiser, and characterising them with a compact CNN. The entire pipeline runs at about 

30 ms per slice, enabling practical screenings on modest hardware, and the classifier achieves about 95% mean per-

class accuracy and small, symmetric inter class confusion. The entire pipeline runs at about 30 ms per slice, enabling 

practical screenings on modest hardware, and the classifier achieves about 95% mean per class accuracy and small, 

symmetric inter class confusion. The difficulty of locating small, low contrast lesions on single 2D slices is reflected 

in the upstream localizer's mAP@0.5 of 0.44, and the 3D to 2D projection eliminates inter slice spatial continuity 

which volumetric models take advantage of. The given per-slice timing was tested on a single configuration, and 

dataset similarities across the three collection might restrict external validity. 
By adding 2.5D or lightweight 3D contexts to restore inter-slice information, adding attention segments where 

their cost is justified, expanding to multicenter, multi-class data to improve generalisation, and integrating 

explainability tools like Grad-CAM to support clinician trust, future work will improve the classification data (cross 

validation, full metric tables, as well as ablations) and reduce the localisation gap. A promising way to improve both 

stages without compromising the lightweight nature that makes the pipeline deployable is through selective, capacity-

aware adaptation algorithms in the spirit of parameter efficient fine tuning [25]. The framework has a great chance of 

supporting early liver cancer screening in standard clinical practice with these improvements. 
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