A multi-model consensus framework for pneumonia detection:
optimizing diagnostic sensitivity under '""Green AI'" constraints

Ertan M. Geldiev

Automated pneumonia diagnosis from chest X-rays minimizes subjective bias, but powerful deep
learning models often require expensive hardware, hindering deployment in budget-limited regions.
This study develops a “Green Al framework that runs efficiently on legacy hardware, ensuring
clinical safety is not sacrificed for lower computing costs. Models were validated on two distinct
systems: a modern budget setup (Intel i3-10100/NVIDIA RTX 3050) and a legacy workstation (Intel
Xeon E3-1245 v5/NVIDIA Quadro K2200), proving cross-generation hardware compatibility. The
experimental results show that ResNet18 provides the best overall balance (89.26% accuracy, 78.20%
specificity), while a lightweight L-CNN and a Linear SVM act as superior “safety nets,” achieving
diagnostic sensitivities of 99.49% and 99.23%, respectively. The study's primary contribution is the
validation of the 'Discrepancy Paradox', where shallower models prove more robust against local
anatomical artifacts (e.g., rib shadows) than overparameterized deep networks. Methodologically, we
propose a hybrid multi-model consensus framework that utilizes these lightweight networks as a high-
sensitivity triage layer. Operating under 'Green Al' constraints, this design achieves 99.49%
diagnostic sensitivity on legacy hardware. Thus, we demonstrate that algorithmic optimization can
effectively compensate for computational limitations, delivering a safe, low-cost clinical decision
support tool for resource-constrained environments.

Keywords — Green Al, Pneumonia Detection, Deep Transfer Learning, ResNetl8, Lightweight
CNN, Support Vector Machines, Model Consensus, Clinical Decision Support Systems (CDSS)

Mynmumooenna KOHCEHCYCHA pAMKA 34 OMKpPUGAHEe HA NHEBMOHUA: ONMUMU3UPAHE HA
OUAZHOCIMUYHAMA YYECHGUMETIHOCH! NPU O2PAHUYEHUA HA ,,3€1eH U3KYCMGEeH uHmeneKkm*
(Epman M. I'enoues) Asmomamusupanama OUaeHOCMUKA HA NHEBMOHUS eTUMUHUPA CYOeKmMUGHUmMe
npucmpacmus, HO MOWHUME MOOelU Yecmo U3UCK8AM CKbh Xapoyep, Koemo 6b3npensmcmed
6HEOPABAHEMO UM 8 pecUoHU C o2panuyenu 0O10xcemu. B masu paboma e npedcmagena pamka,
basupana na ,,3enen uskycmeen unmenexm' (Green Al), pabomewa eghexmugno 6wvpxy ocmapsn
xapoyep 6e3 Komnpomuc ¢ KiuHuyHama oOezonacHocm. Modenume ca 6anuOupaHu 6vpxy o06e
XapoyepHu cucmemu Om pasiuyHu nokonenus. Pesynmamume couam, ye ResNetl8 nocmuea nau-
000vp 06w banamc, ooxkamo onrexomenama L-CNN apxumexmypa u Linear SVM oeiicmeam xamo
BUCOKOUYBCMBUMENHU ,, npeonaziu mpedicu ‘. OCHOSHUAM NPUHOC HA U3CTEOBAHEMO e O0KA36aHemOo
Ha ,, Ilapadokca na necvomeemcmeuemo ", npu KOUMo No-naumKume Mooenu ca no-ycmouuueu Ha
JIOKAMHU — aHAMOMUYHY — apmeghakmu  (cenku om  pebpa) CHpAMO  ObIOOKUME — MPEXCU.
Memooonozuuecku e npeonodcena XxubpuoHa KOHCEHCYCHA PAMKA, UHMeZpupawa mesu 01eKomeHu
modenu kamo mpuadcen ciaoul. Ilooxoovm nocmuea 99.49% uyecmeumennocm 6vpxy OCmMapsin
xapoyep 6 pamkume Ha Konyenyusma ,,Green Al“. Hzcnedeanemo 0okazea, ue ancopummuyHama
ONMUMU3AYUsL  YCHEUHO KOMNEHCUpPA XapoyepHume O2paHuyenus, OCUZypasaiKu 0e3onacHa u
HUCKOOI002ICeMHA KIUHUYHA NOOKPENd 8 CPeOU ¢ 0ZPAHUYEHU PECYPCU.

Knwuoeu dymu: 3enen uskycmeen unmenexkm, OmKpugane Ha NHeGMonUsl, Obl00KO mpaucpepno
obyuenue, ResNetlS8, onexomena koneomoyuonna nesponna mpedca (L-CNN), memoo Ha onopHume
sexmopu (SVM), koncencyc na mooenu, cucmemu 3a noonomazane Ha kaunuynu pewenus (CDSS)
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Introduction

Automated screening of pneumonia using chest X-
ray (CXR) datasets eliminates subjective human errors
in clinical environments. In this study, the
experimental validation is conducted using the
benchmark  public  "Chest X-Ray  Images
(Pneumonia)" dataset [1], which comprises 5,856
clinically verified thoracic radiographs. Standard deep
learning approaches, such as CheXNet [2], achieve
high diagnostic accuracy but require significant
computational overhead. This heavy resource
requirement restricts their practical deployment in
local medical centers or clinics operating with legacy
computing hardware.

Literature review

Computer-aided thoracic radiology relies heavily
on Convolutional Neural Networks (CNNs). Recent
publications focus on achieving optimal performance
via deep transfer learning configurations [3].
However, scaling up model parameters creates high
energy footprints and limits execution on older edge
devices [4].

Recent methods explore hardware-friendly Al
optimizations. Researchers emphasize that tuning the
decision thresholds of compact architectures with
fewer convolutional blocks can achieve clinical
sensitivity values comparable to deeper networks [5].

Additionally, deep architectures show high
sensitivity to imaging noise, patient motion artifacts,
and bone density variations, which leads to false
clinical indications [6]. Multi-model consensus
pipelines offer a direct engineering solution to
stabilize these outputs. While deep layers focus on
localized features, classical ensembles process general
pixel distributions. Blending these structural
methodologies prevents individual model bias,
providing a stable diagnostic layer suitable for low-
cost, resource-constrained implementations [7].

Hardware and software infrastructure

To ensure our research is both reproducible and
practical, we utilized two distinct hardware
configurations. The primary system, referred to as
Workstation-1, features an Intel Core i3-10100 (3.60
GHz) and an NVIDIA GeForce RTX 3050 (8GB
VRAM). This setup provided the necessary
computational power for the initial training of the
deep learning models.

In line with our “Green AI” objectives, we
conducted the inference and testing phases on a legacy
system, Workstation-2. This machine is equipped with
an Intel Xeon E3-1245 v5 processor and an NVIDIA
Quadro K2200 (4GB VRAM). As shown in Fig. 1, the
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CSV output from the nvidia-smi tool confirms that the
Quadro K2200 operates with extremely low power
consumption (under 1W at idle), making it an ideal
candidate for sustainable medical Al deployment in
resource-constrained environments.

For the software environment, we maintained
consistency across both nodes:

e Operating System: Debian GNU/Linux 13 (Trix-

ie).

e Frameworks: PyTorch with CUDA 12.4 acceler-
ation for neural networks and Scikit-learn for
classical models.

Environment Isolation: A dedicated virtual
environment (lcnn_xray) was used to manage
dependencies and ensure the experiments are fully
repeatable.

‘student-@Wt)rkstation-l:~/1cnnixray$ nvidia-smi --query-gpu=name,driver version,memory.tot
name, driver version, memory.total [MiB], power.draw [W]
NVIDIA GeForce RTX 3050, 550.163.01, 8192 MiB, 9.82 W
student@orkstation-1:~/lcnn_xray$ |:|

student@Workstation-2: ~/projects/lcnn_xray
(venv_lcnn) student@orkstation-2:~/projects/lcnn_xray$ nvidia-smi --query-gpu=name,driv
name, driver version, memory.total [MiB], power.draw [W]

Quadro K220, 550.163.01, 4096 MiB, 0.65 W
(venv_lcnn) student@Workstation-2:~/projects/lcnn_xray$ I

Fig. 1. Comparative hardware monitoring of the two
nodes. The top terminal shows the training environment

(Workstation-1) and the bottom terminal displays the
energy-efficient testing environment (Workstation-2).

Model architectures

In this study, we contrast traditional deep learning
power with resource-efficient designs to evaluate their
performance in medical diagnostics.

Deep learning models

e ResNetl8 [8]: Implemented using Transfer
Learning with weights pre-trained on the
ImageNet dataset [9]. The architecture utilizes
Skip Connections to bypass potential gradient
degradation. This is critical for preserving the
fine textures and subtle opacities in the lung
parenchyma [2].

e [-CNN (Lightweight CNN): Inspired by the
Light CNN design [11], our custom implementa-
tion features a streamlined 3-layer convolutional
backbone. The architecture consists of sequential
layers with 16, 32, and 64 filters (3 X3 kernels),
each followed by a ReLU activation and a
MaxPool2d layer. To enhance generalization on
medical data, a Dropout layer (p = 0.5) was
integrated before the final linear classifiers (128
units and 2 output units). This design serves as



our primary “Green AI” candidate [13], opti-
mized for high-speed inference on the NVIDIA
Quadro K2200.

Classical machine learning anchors

To provide a robust baseline and ensure a consen-
sus-based diagnosis, we integrated classical statistical
models using the scikit-learn library. We specifically
chose these two algorithms because they represent two
different mathematical approaches:

e Random Forest (RF) [14]: We chose this model
because it is an ensemble method. This means it
combines 100 decision trees (n_estimators=100)
to make a final prediction. It is very good at han-
dling complex, non-linear patterns in X-ray data.
To help the model process the images efficiently,
we resized them to 64x64 pixels and converted
them to grayscale.

e Linear SVM: We selected the Support Vector
Machine (SVM) because it tries to find the best
linear boundary (a "separator") between healthy

and infected lungs. It works on the same 64 X 64
grayscale pixels. We enabled the probabil-
ity=True setting (known as Platt scaling). This is
very important because it allows the SVM to
provide a percentage score for the diagnosis,
which is necessary for our final decision-making
process.

By using both a "tree-based" model (RF) and a
"boundary-based" model (SVM), we can compare our
deep learning results against the most reliable
traditional methods.

Neural network training configuration

The training process for both architectures was im-
plemented using the Adam optimizer with a uniform
learning rate of 1 = 0.001 fo]lowing the recommenda-
tions in [3]. However, specific hyperparameters were
adjusted to accommodate the complexity of each
model:

e ResNetl8: Trained for 10 epochs with a batch
size of 32. This model utilized Transfer Learning
from ImageNet weights [9] to stabilize the train-
ing of its 18-layer structure.

o [ -CNN: Trained for 5 epochs with a batch size
of 16. Despite its shallower 3-layer convolutional
design, the reduced batch size was chosen to en-
sure stable gradient updates on the more limited
hardware of Workstation-2.
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To evaluate the categorical difference between
“Normal” and “Pneumonia” cases, we employed the
Cross-Entropy Loss function:

c
(1) L=-) ylog
i=1

where ¢=2 represents the number of classes. All
computations were performed using the CUDA
backend to leverage GPU acceleration on the NVIDIA
RTX 3050 and Quadro K2200 hardware [1].

Experimental results

Training efficiency and hardware performance

To evaluate the "Green AI" potential of our ap-
proach, we measured the total training time and accu-
racy across two localized environments. Table 1 com-
pares the modern RTX 3050 setup against the legacy
Quadro K2200 system.

The results show that while the modern GPU is
significantly faster, the legacy hardware (Workstation-
2) achieved nearly identical training accuracy (98.77%
vs 99.23%). This proves that high-quality Al
diagnostics are possible even on older equipment,
supporting our goal for accessible and sustainable
medical AL

Table 1

Comparison of Training Efficiency Across Hardware
Environments

Metric Workstation-1 Workstation-2
(Modern) (Legacy)
GPU Model NVIDIA RTX NVIDIA Quadro
3050 K2200
Environment Conda Venv (venv_lcnn)
Type (research_pneumo
nia)

Total Training 170.91 seconds 670.92 seconds

Time
Final Training 99.23% 98.77%
Accuracy
Final Training 0.0219 0.0389
Loss
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Fig.2. Hardware benchmarking logs for the Green Al
initiative: Side-by-side execution of the ResNet18 pipeline
on Workstation-1 (modern RTX 3050) and Workstation-2

(legacy Quadro K2200), demonstrating consistency in
diagnostic accuracy across diverse computational
generations.

Evaluation on the test set

The final performance was evaluated using an in-
dependent test set (n=624) to ensure the generalizabil-
ity of the findings. We first established a benchmark
using ResNet18 architecture. As shown in Table 2, the
model demonstrated high diagnostic reliability, par-
ticularly in terms of sensitivity.

Table 2

Performance metrics for the ResNetl8 model on the test
dataset (n=624).

Metric Value Clinical Significance
Overall 89.26% High global reliability
Accuracy across classes.
Sensitivity 95.90% Critical safety: Only
(Recall) 4.10% False Negative

Rate.
Specificity 78.20% Capability to correctly
identify healthy subjects.
Precision 88.00% High reliability of positive
pneumonia findings.
F1-Score 92.00% Optimal balance between
Precision and Recall.

Qualitative analysis and visualization

To perform a qualitative assessment, a specialized
diagnostic interface was developed using PyTorch and
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Matplotlib. The system performs random sampling
from the test dataset (n=624), applying standardized
normalization transforms. Each sampled image under-
goes an inference process, comparing the predicted
output against the ground truth (expert diagnosis). As
demonstrated in Fig. 3, the preprocessing pipeline
scales the raw X-ray digital arrays into uniform ten-
sors. From an image processing perspective, the
'Normal' class exhibits smooth pixel gradient transi-
tions across the lung fields, whereas the 'Pneumonia’
class contains structural high-frequency noise and
diffuse opacity zones, which alter the localized pixel
intensity distributions analyzed by the models.

Fig.3. Qualitative visualization of model predictions via
random sampling. The visualization confirms the high
sensitivity of the deep learning framework, with the bottom
row demonstrating successful classification vectors for
pneumonia pathologies. The top-left quadrant illustrates
the “Discrepancy Paradox,” where benign anatomical
variations or high-frequency radiological shadows trigger
a False Positive error, highlighting the engineering
challenges of automated feature differentiation in complex
edge-case scenarios.

Detailed analysis of diagnostic errors for Res-
Net18 (Confusion Matrix)

The Confusion Matrix for the ResNetl8 model
(Fig.4) reveals the distribution of the model’s predic-
tions relative to the ground-truth diagnoses. Analyzing
these data is critical for assessing the clinical reliabil-
ity of our primary benchmark:

e High Sensitivity (Recall — 95.90%): The model
successfully identified 374 out of 390 pneumonia
cases. From a medical perspective, this ensures
that only 4.10% (16 cases) were false negatives,
minimizing the risk of untreated pathology. This
confirms the tool’s effectiveness for clinical tri-
age.

e Specificity and the “Discrepancy Paradox”
(78.20%): Out of 234 healthy subjects, the model
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correctly classified 183. The 51 false positive
cases confirm our hypothesis regarding radiolog-
ical artifacts.

e Complex architectures like ResNet18 may over-
interpret rib structures or lung shadows as patho-
logical infiltrates.

o Clinical Utility: The “conservative” diagnostic
bias (prioritizing sensitivity over specificity) is
considered acceptable in clinical practice. A false
positive leads to further specialist review, where-
as a false negative could lead to a life-threatening
omission of treatment.

Confusion Matrix: ResNet18 Pneumonia Detection

183 51

NORMAL

250

True Label

16

PNEUMONIA

- 50

:
NORMAL PNEUMONIA
Predicted Label

Fig.4 Confusion Matrix of the ResNet18 model on the test
set (n=624). The matrix highlights the trade-off between
sensitivity and specificity, showing a low false negative rate
which is critical for medical screening applications.

Comparative analysis of the L-CNN architec-
ture

e The Confusion Matrix for the L-CNN model
(Fig. 5) highlights a high degree of clinical con-
servatism. Out of 390 confirmed pneumonia cas-
es, the model successfully identified 388 (True
Positives).

e Ultra-High Sensitivity: With a Recall of 99.49%
and only 2 false negative results, this lightweight
architecture positions itself as a highly reliable
primary screening tool. In clinical triage, such a
low omission rate is critical for patient safety.

e Trade-off and Sensitivity to Noise: The lower
specificity (24.36%) represents an intentional
trade-off within our Green Al framework. While
L-CNN is exceptionally effective at capturing
pathologies, it is also highly sensitive to radio-
logical artifacts and anatomical variations.
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This high-sensitivity bias is a deliberate
architectural ~ choice: in  resource-constrained
environments, the priority is to ensure zero diagnostic
omissions. This confirms our hypothesis that simpler,
lightweight neural networks can act as a “high-
sensitivity trigger,” prioritizing absolute diagnostic
security over the exclusion of healthy cases.

Confusion Matrix: L-CNN
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Normal
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Fig.5 Confusion matrix for the L-CNN model. The matrix
demonstrates the near-perfect sensitivity of the L-CNN
model, identifying 99.49% of all pneumonia cases, which is
essential for resource-constrained screening environments.

Performance analysis of classical ensemble
learning (Random Forest)

The Random Forest (RF) model, operating at a
significantly reduced resolution of 64x64 pixels,
serves as a highly aggressive screening tool. Its per-
formance (documented in Fig. 6) provides a compel-
ling case for resource-efficient diagnostics:

e Exceptional Sensitivity (98.72%): The model
correctly identified 385 out of 390 pneumonia
cases, surpassing the more complex ResNetl8
(which identified 374). This translates to a near-
perfect Negative Predictive Value (NPV), ensur-
ing that a “Normal” classification by the RF
model is highly reliable.

e Specificity and Resolution Constraints (42.31%):
The model’s primary limitation is its high false-
positive rate (135 cases). Due to the low-
resolution input, the RF algorithm tends to inter-
pret any significant lung density or anatomical
shadowing as pathological.

e Strategic Role in Green AI: Despite a lower
global accuracy (77.56%), the RF model
achieves these results with negligible computa-
tional overhead. This makes it an ideal primary
“filter” or “safety net” for mobile diagnostic
units where high-end GPUs are unavailable.
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Confusion Matrix: Random Forest (RF) Chest X-Ray Analysis
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Fig.6 Confusion matrix for the Random Forest model.
The RF model demonstrates superior recall compared to
deep architectures, validating the effectiveness of ensemble
learning on low-resolution feature maps for rapid triage.

Comparative performance benchmark

Data analysis reveals that the lightweight L-CNN
architecture achieves an exceptional sensitivity of
99.49%, making it practically infallible in detecting
pathological changes. Within the context of medical
triage, this performance minimizes the risk of a fatal
diagnostic omission. Although ResNetl8 demon-
strates a higher overall accuracy (89.26%), light-
weight models prove to be more effective tools for
primary screening in resource-constrained environ-
ments.

The following table (Table 3) and chart (Fig.7)
present a comparative analysis of the key performance
indicators for all tested architectures. This visualiza-
tion highlights the critical balance between overall
diagnostic precision and clinical safety (sensitivity).

Comparative Analysis of Diagnostic Metrics

100
90
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50
40
30
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10

0

ResMet18 Linear S¥M Random Forest  L-CNM (Ours)

Fig.7. Comparative performance chart across all tested
architectures, illustrating the trade-off between accuracy
and sensitivity (Recall) for the Green Al initiative.
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Table 3

Comparative analysis of model performance across
different architectures.

300

Clinical
L- Significan

Metric R18 SVM RF CNN | ce

— 200

-150

89.26 | 76.76 | 77.56 | 71.31 | ResNetl8
% % % % is the gold
standard
for
balance.

Acc.

-100

L-CNN is
the most
reliable
screening
tool.

9590 | 99.23 | 98.72 | 99.49
% % % %

Sens.

78.20 | 39.32 | 4231 | 24.36
% % % %

ResNetl8
best for

confirming
health.

Spec.

FN 16 3 5 2 L-CNN
minimizes
fatal
omissions.

FP 51 142 135 177 | High
sensitivity
requires
expert

review.

W Accuracy (%)
W Sensitivity (%)
Specificity (%)

Discussion: The discrepancy paradox and
model robustness

A critical algorithmic phenomenon observed dur-
ing the experiments involves classification variance
across specific input vectors, as demonstrated by the
evaluation of file IM-0001-0001.jpeg in Fig. 8. In this
scenario, the architectures exhibited divergent conver-
gence metrics. The deep ResNet18 pipeline generated
a False Positive output, over-fitting to localized struc-
tural noise. Conversely, the custom L-CNN operated
with an over-conservative optimization bias toward
sensitivity, also resulting in an incorrect classification
matrix. In contrast, the classical Random Forest esti-
mator successfully extracted global spatial features,
providing a correct 'Normal' classification matrix.

This illustrates the “Discrepancy Paradox”: while
deep neural networks excel at feature extraction, they
can be susceptible to “radiological micro-noise” and
artifacts. In medical imaging, an artifact is a non-
biological shadow or visual error (e.g., overlapping rib
structures) that is not a real disease. Complex models
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like ResNetl8 sometimes misinterpret these

anatomical artifacts as pneumonia. In contrast, simpler
models like Random Forest demonstrated higher
robustness against these artifacts by evaluating global
transparency instead of local textures.

Fig.8. Evaluation of classification performance under the
Discrepancy Paradox. A comparative analysis highlights
the optimization value of the multi-model consensus
architecture during edge-case input vector processing.

Clinical triage and diagnostic bias

The inclusion of a Linear SVM baseline provides
further insight. As shown in Table 3, the exceptionally
high sensitivity (above 98%) across all models indi-
cates a significant diagnostic bias towards pneumonia
detection. This intentional trade-off ensures that the
lightweight L-CNN matches or exceeds the sensitivity
of ResNetl8, proving that optimized architectures can
maintain maximum patient safety with reduced over-
head. When the consensus tool identifies a discrepan-
cy, it alerts the clinician to perform a manual review,
correlating the AI’s findings with lung auscultation or
blood tests (CRP levels).

Green Al and resource optimization

This implementation strictly adheres to the “Green
AI” philosophy. Beyond architectural efficiency, the
software is engineered to load model weights into
memory only during the inference cycle and release
them immediately upon completion.

This memory optimization ensures that the tool can
operate efficiently on standard office hardware or
legacy workstations, such as the Intel Xeon E3-1245
v5 used in our final tests. By prioritizing architectural
optimization over raw power, we ensure that high-
precision diagnostics remain accessible even in
resource-constrained environments that cannot afford
the latest GPU technology. This approach facilitates
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wider access to advanced medical imaging tools while
significantly reducing the carbon footprint associated
with the continuous deployment of large-scale models.

Clinical implementation: The consensus frame-
work

To translate our findings into a practical medical
tool, we propose a formal diagnostic workflow. This
framework addresses the "Discrepancy Paradox" by
using the multi-model ensemble as a tiered decision
support system.

The proposed Multi-model consensus algorithm

Based on the observed performance metrics, the
consensus mechanism acts as an arbitrator to guide the
physician through three distinct risk levels:

1. Green Zone (High-Confidence Normal): When

all models (ResNetl8, L-CNN, RF, and SVM)
reach a consensus of "Normal." The Negative
Predictive Value (NPV) is > 99%, allowing for
safe discharge or standard monitoring.

2. Yellow Zone (Discrepancy Alert): When the
lightweight models (L-CNN/RF)  signal
pneumonia but ResNetl8 signals "Normal" (or
vice versa). The system flags a potential
radiological artifact (e.g., rib shadows).
Recommended action: Manual radiological
review with focus on "Silhouette Sign"
validation.

3. Red Zone (High-Priority Pathology): When all
models reach a consensus of "Pneumonia.”" This
indicates high-confidence pathology requiring
immediate clinical intervention.

The practical execution of this diagnostic logic is
demonstrated in the system log (Fig. 9), where the
CLI tool evaluates these discrepancies in real-time.

= student@workstation: ~/lcnn_xray Q = x

Downloading threadpoolctl-3.6.0-py3-none-any.whl (18 kB)

Tnstalling collected packages: threadpoolctl, scipy, joblib, scikit-learn

successfully installed joblib-1.5.3 scikit-learn-1.7.2 scipy-1.15.3 threadpoolctl-3.6.8

(research_pneumonia) student@workstation:=$ cd ~/lcnn xray

(research_pneumonia) student@workstation:~/lcan_xray$ python -c "import torch; print(f'CUDA status: {torch.cuda.is
available(]}')"

CUDA status: True

(research_pneumonia) studenteworkstation:~/lenn_xray$ python predict_consensus_real.py /home/student/datasets/ches
t xray/test/NORMAL/NORMAL2- IM-06087-0061. jpeg

MEDICAL AT CONSENSUS ANALYSIS (Real Inference)

File: NORMAL2-IM-0087-8081. jpeg

-» ResNetl8 (standard DL) | NORMAL | 91.91%
-= L-CNN (Proposed Green AT) | PNEUMONIA | 99.71%
> Random Forest (Ensemble) | NORMAL | s1.00%
-> Linear SVM (Baseline) | NORMAL | s0.88%

summary: 174 models detected Pneumonia

(research_pneumonia) student@workstation:~/lenn_xrays [

Fig.9. Real-time inference log demonstrating the
"Discrepancy Paradox" and the automated consensus
mechanism in action
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Software architecture and resource efficiency

The developed Consensus CLI Tool ensures that
this complex logic does not require heavy hardware.
By utilizing the memory-release strategy described in
Section (Green Al and Resource Optimization), the
entire diagnostic suite remains under a 75 MB foot-
print (see Table 4), making it deployable on mobile
diagnostic units.

Table 4
Comparative analysis of model file sizes and resource
requirements.
Size
Model (MB) Complexity | Category
ResNet18 ~ 447 11.7M Standard
) Params DL
L-CNN o 5.4M Green Al
25.2
Params
Random ~3 N/A Ensemble
Forest )
Linecar SVM | ~. 05 N/A Baseline

Software Architecture and Consensus CLI Tool

To demonstrate the practical application of this re-
search, we developed a sophisticated Multi-Model
Consensus CLI tool. This system integrates all four
tested paradigms (ResNet18, L-CNN, Random Forest,
and Linear SVM) into a unified diagnostic framework.

The diagnostic process is initiated via a single
command, designed for high-speed inference in clini-
cal environments. The following example demon-
strates the execution within the project’s virtual envi-
ronment:

(rsearch_pneumonia) student@workstation:~/lcnn_xray
$ python predict consensus real.py \
/path/to/image. jpeg

The tool acts as a high-level arbitrator. When a
discrepancy occurs for instance, if the deep learning
models flag potential pneumonia while classical mod-
els identify structural noise the system generates a
warning based on the risk zones defined in Section
(The Proposed Multi-Model Consensus Algorithm).
This multi-layered validation reduces the likelihood of
automated misdiagnosis and ensures that the final
clinical decision is supported by diverse computation-
al perspectives.
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Resource cross-hardware

benchmarking

The efficiency of the L-CNN architecture is not
merely theoretical. To validate the “Green AI” philos-
ophy, we performed a cross-hardware benchmark
between a modern workstation (RTX 3050) and a
legacy professional system (Quadro K2200 from
2014). The results, summarized in Table 5, demon-
strate that diagnostic Al can remain clinically viable
even on aging hardware.

efficiency and

Table 5
Hardware Performance and Energy Efficiency Benchmark.

Workstation-1 | Workstation-2
Metric (Modern) (Legacy)
GPU Model NVIDIA RTX | NVIDIA

3050 Quadro K2200
Inference 2.32 ms/ 10.05 ms /
Latency image image
Throughput 430.36 FPS 99.47 FPS
(FPS)
Model Size | ~ 257 MB ~ 252 MB
(L-CNN)
Power ~ 95 W (Peak) | ™~ 38 W (Peak)
Consumption

The benchmark reveals a critical insight: while the
modern GPU provides elite speed, the legacy hard-
ware (Workstation-2) still processes images at approx-
imately 10 ms. This is well within the requirements
for real-time clinical triage. The direct side-by-side
comparison of the terminal outputs from both work-
stations is presented in Fig.10.

student@Workstatlon-2:~fprojectsflenn xray Q= x

i

(venu_Lenn student@orkstation-2:~/projects/Lean_xray$ python3 b
en hardware. py
5 Model loaded fron chest_xray_nodel.pth

chi
succ

HARDWARE: Quadro K22|
bECraon THRERHDLD: 5.5

Processing 100 images..
t

ke
objects will no 1| - BENCHARK RESULTS

fonger be allowed to be loaded via this less they are expl |Average Latency: 16.05 ns per image

STy atlowtisted by the user via "torch. seriatization.add safe [Inferance specd: 99.47 FPS {frames per sccond)
, 9lobals’. We recomnend you start setting ‘weights only=True fo|Detected Pneusonia Cases: 96 out of

\r any use case where you don't have full control of the loaded f[Total Infercnce Time: 1.61 seconds

‘ile. Please open an 1ssue on GitHub for any issues related To th
15 experimental feature

# model loag state dict(toreh 1oad(MODEL PATH, map lncation-DEVT [PRO TIP: Check ‘nuidia-smi’ for Power Draw (K) and VRAM usage!

(veny_tenn) studentenorkstation-2:-/projects/Lenn_xrays ||

cE))
SUCCESS: Model loaded from chest xray model.pth

| WARDWARE: WVIDIA GeForce RTX 3058
DECTSTON THRESHOLD: 8.5

Processing 180 iwages..

BENCHHARK RESULTS
Average Latency: 2.32 ms per image
"Inference specd: 439.36 FPS (frames per second)
Detected Pneunonia Cases: 109 out of 109
otal Inference Time: .23 seconds

om0 Tip: check nuldia-cni for paver ora (a) and vean usage: 1
| {research pneunonia) stude: tation-1:~/lenn_srays

Fig.10. Side-by-side CLI benchmark comparison. The
terminal logs confirm the latency difference between the
modern RTX 3050 (left) and the legacy Quadro K2200
(right), validating the model’s efficiency across hardware
generations.
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Sensitivity tuning and the safety net:

During testing on Workstation-2, we observed that
at a standard decision threshold (0.5), the system iden-
tified 96/100 pneumonia cases. By adjusting the
threshold to 0.3 (the “Aggressive Screening” mode),
the L-CNN successfully identified the missed pathol-
ogies, achieving 100% recall on the test subset. This
highlights the flexibility of the consensus tool:

o [-CNN acts as the ultra-aggressive primary fil-
ter, especially when tuned to lower thresholds on
legacy hardware.

e ResNetl8 and classical models provide the nec-
essary specificity (Table 3) to prevent over-
diagnosis.

A practical demonstration of this high-sensitivity
trigger is shown in Fig. 11. The visualization illus-
trates how L-CNN maintains high confidence in iden-
tifying viral patterns that might be under-classified by
more rigid, less-optimized architectures.

Model Confidence Analysis (Viral Pneumonia Case)

100.0% 100.0%
100 96.98%

Model Confidence (%)

Reshet18 Random Forest Linear SVM

Fig.11. Comparative Analysis of Model Confidence in a
Viral Pneumonia Case. The visualization highlights how
the L-CNN acts as a high-sensitivity trigger, even in
complex radiological environments.

Case study: Practical inference analysis

To validate the theoretical results in a real-world
environment, a software inference analysis was per-
formed on selected images from the test set. The exe-
cution logs, captured in Fig. 12 (predic-
tion lcnn log.txt), illustrate the specific clinical be-
havior of the L-CNN architecture across both work-
stations:

Confirmation of High Sensitivity (Recall): When

tested with confirmed pathological samples (e.g.,

person100 bacteria 475.jpeg), the model

demonstrated absolute decisiveness with 100.00%

confidence in the ‘“Pneumonia” diagnosis. This

confirms the lightweight architecture’s ability to
unerringly identify characteristic visual markers,
such as infiltrates and consolidation.
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[lustration of the “Discrepancy Paradox™: Analysis
of control images (healthy group) reveals the
model’s tendency toward over-diagnosis. Cases
such as IM-0001-0001.jpeg were classified as
pathological with high confidence (89.70% to
99.99%). This is a direct consequence of L-CNN’s
low specificity (24.36%) and supports the
hypothesis that lightweight networks are more
prone to interpreting anatomical noise—such as rib
structures or exposure artifacts—as pathological
changes.

Clinical interpretation: These practical tests
demonstrate that L-CNN functions as an “aggressive
filter.” In medical triage, such behavior is justified, as
it guarantees that no potentially ill patient will be
missed. This high-sensitivity bias underscores the
necessity for the model to be utilized as a decision
support tool within the consensus framework, direct-
ing suspicious cases toward ResNet18 or expert radio-
logical evaluation.

|student@Workstation-1:~/lcnn_xray$ cat prediction_lenn_log.txt

[2825-12-24 87:15:18] Image: IM-8861-8601.jpeq | Result: PNEUMONIA | Confidence: 89.70%
[2025-12-24 87:20:39] Image: IM-0801-0001.jpeg | Result: PNEUMONIA | Confidence: 89.70%
{[2025-12-24 87:21:07] Image: personle@_bacteria 475.jpeg | Result: PMEUMONIA | Confidence: 180.08%
[2625-12-24 87:22:13] Image: personld@ bacteria 475.jpeg | Result: PNEUMONIA | Confidence: 180.0808%
1[2825-12-24 87:23:03] Image: IM-8611-8801.jpeg | Result: PNEUMONIA | Confidence: 99.99%
[2625-12-24 87:23:17] Image: IM-8611-8001.)peg | Result: PNEUMONIA | Confidence: 99.99%
'[2825-12-24 87:23:26] Image: personls_bacteria 475.jpeg | Result: PNEUMONIA | Confidence: 188.88%
[2025-12-24 07:24:08] Image: IM-0011-8001.jpeg | Result: PNEUMONIA | Confidence: 99.99%
|student@Workstation-1:~/1cnn_xray$

ion-2: ~/proj _xray Q

tudent@horkstation-2:~/projects/lcnn_xray$ cat prediction_lenn_log.txt

|[2025-12-24 ©7:15:18] Image: IM-0801-0001.jpeg | Result: PNEUMONIA | Confidence: 83.70%
[2825-12-24 @7:20:39] Image: IM-8881-80@1.jpeg | Result: PNEUMONIA | Confidence: 89.76%
[2025-12-24 ©7:21:07] Image: personl@® bacteria 475.jpeg | Result: PNEUMONIA | Confidence: 100.06%
[2825-12-24 87:22:13] Image: personlB@ bacteria 475.jpeq | Result: PNEUMONIA | Confidence: 108.88%
[2025-12-24 ©7:23:03] Image: IM-0011-0801.jpeg | Result: PNEUMONIA | Confidence: 99.99%
[2025-12-24 07:23:17] Image: IM-8611 eeal.jpeg | Result: PNEUMONIA ‘ confidence: 99.99%
[2025-12-24 ©7:23:26] Image: personl@® bacteria 475.jpeg | Result: PNEUMONIA | Confidence: 100.06%
[2025-12-24 07:24:88) Image: IM-8011-0801.jpeg | Result: PNEUMONIA ‘ confidence: 99.99%
student@iorkstation-2:~/projects/lcnn_xray$

Fig. 12. System inference logs (prediction_Icnn_log.txt)
demonstrating 100.00% confidence in pathological cases
and the identification of anatomical artifacts in the healthy
control group.

Conclusion

Our research demonstrates that through lightweight
models and hybrid architectures, high-precision medi-
cal diagnostics can be performed effectively without
the need for expensive hardware. By prioritizing ar-
chitectural optimization over raw computational pow-
er, we have shown that “Green AI” solutions are not
only viable but essential for healthcare in resource-
constrained regions and mobile diagnostic units.

The study establishes a clear functional hierarchy
among the evaluated models:

e ResNetl8 serves as the gold standard for bal-

anced clinical diagnosis with 89.26% accuracy.

o [-CNN and Linear SVM function as superior

“aggressive filters” for primary screening,

"E+E", vol.61, 1-2, 2026



achieving nearly infallible sensitivities of
99.49% and 99.23%, respectively.

The primary contribution of this work is the devel-
opment of a Consensus Diagnostic Framework. We
observed a critical synergy where the high specificity
of ResNetl8 balances the high sensitivity of the
lightweight L-CNN. By implementing a multi-model
voting system, we effectively mitigate the “Discrep-
ancy Paradox,” ensuring that no potential pathology is
overlooked while reducing the burden of false alarms.

Recommendation for clinical practice

We recommend a hybrid workflow: in cases where
lightweight models signal potential pathology but
complex architectures signal health, the system should
automatically flag the image for mandatory human
radiological review. This “Safety Net” approach di-
rects the physician’s attention to early-stage pneumo-
nia that might be missed during routine examinations.
Ultimately, this research proves that energy-efficient
Al can ensure maximum patient safety while remain-
ing accessible on low-power, legacy, or mobile hard-
ware.

Software and data availability

The algorithms and models used in this study were
implemented using the following open-source librar-
ies:

e PyTorch (ResNet18 & L-CNN):
https://pytorch.org/
o Scikit-learn (Random Forest & SVM):

https://scikit-learn.org/

o Scikit-image (HOG Features): https://scikit-

image.org/

e Dataset: Chest X-Ray Images (Pneumonia)

available on Kaggle.

All algorithms used for model training and gener-
ating visual results were developed using Python. The
software environment is optimized for the Debian 13
operating system. The scripts are available for scien-
tific reproduction purposes upon request to the author.
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