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NOISIAI

is central to effective patient care. This paper describes a lightweight pipeline for

detecting pneumonia in chest radiographs using classical machine learning classifiers
paired with handcrafted image features, aimed at hardware with tight processing budgets.
Three widely used descriptors — HOG, SIFT, and ORB — were applied to the publicly
available Kaggle chest X-ray dataset containing 5,863 labeled pediatric radiographs (4,273
Pneumonia, 1,590 Normal), pre-split into training (5,216), validation (16), and test (624)
partitions. Four classifiers — Naive Bayes, SVM, Random Forest, and Logistic Regression —
were trained with class-weight balancing to account for the roughly 2.7:1 class imbalance.
Training and initial evaluation were carried out in Google Colab GPU-accelerated environment
on a fixed held-out test set (approximately 89:11 train-to-test ratio), with 5-fold cross-
validation on training data used to assess generalization. The strongest pipeline was
subsequently ported to an NVIDIA Jetson Orin Nano Super for edge inference profiling.
Random Forest with HOG features achieved the highest accuracy at 93.52% and an F1 score
of 95.60%, while Logistic Regression with ORB features achieved the fastest inference speed at
0.187 ms per image (5,342.79 FPS). McNemar's test confirmed statistically significant gaps
between the best and worst configurations (p < 0.01). Overall, the findings indicate that
handcrafted features and traditional classifiers can produce clinically relevant performance
within the power and memory envelopes of affordable edge hardware — a promising direction
for pneumonia screening where specialist radiology support is scarce.
Keywords: Pneumonia Detection; Chest X-ray; Handcrafted Features; Edge Al; Machine
Learning; HOG; SIFT; ORB; SVM; Random Forest; Logistic Regressmn

()lplndexmg %% CiteFactor R e ESEARCHBIE
it

I )neumonia remains a pressing global health issue, and timely chest X-ray interpretation

\ Indexing Portal ACADEMIC RESOURCE INDEX

_ ()IDEAS
IC JOURNALS R@TIN! @SClIIt iNFOBASE INDEX

o MASTER LIST
—éﬂr—@ ; ResearchGate Iv![|l|(l|| [I)LEII_\I
DRJI Crossref

Special Issue Page | 583


mailto:rizwan.ahmad@seecs.edu.pk

International Journal of Innovations in Science & Technology

Introduction:

Few infectious diseases kill on the scale that pneumonia does. According to the Global
Burden of Disease study, roughly 2.56 million people died from pneumonia in 2018 [1]. The
numbers have been inching downward since then — 2.55 million in 2019, 2.28 million in 2020,
2.18 million in 2021 — but they remain alarmingly high, particularly in low- and middle-
income countries. Children are hit hardest: over 738,000 under-fives died of pneumonia in
2018 alone, and the toll still exceeded 500,000 in 2021. Much of this burden falls on a handful
of nations — India, Nigeria, Pakistan, Ethiopia, and the Democratic Republic of the Congo
[2].

Clinically, pneumonia is an acute inflammation of the lung parenchyma. A variety of
organisms can trigger it — bacteria such as Streptococcus pneumoniae, Haemophilus
influenzae, and Mycoplasma pneumoniae, viruses like Respiratory Syncytial Virus, and, less
commonly, fungi or parasites. When the infection takes hold, the alveoli fill with fluid and
inflammatory cells, impairing gas exchange. The typical presentation includes cough, chest
pain, fever, dyspnoea, and tachypnoea. In the elderly or immunocompromised, pneumonia
can rapidly become life-threatening [3][4].

Chest X-rays are the primary tool for diagnosing pneumonia in most clinical settings
but reading them is far from straightforward. Cognitive biases, inter-observer variability, and
reader fatigue all introduce error [5][6]. Pneumonia, pulmonary oedema, and bronchitis can
look remarkably similar on film, and the degree to which different radiologists disagree on the
same image is well documented [7]. Recent evidence shows that this inconsistency persists
even among experienced radiologists — one study found disagreement rates as high as 22%
for pediatric chest X-ray readings [8]. The situation is worse in rural areas, where there simply
are not enough trained radiologists, and patients wait longer for a diagnosis [9][10]. A broad
review of Al-assisted diagnostics noted another complication: collapsing three-dimensional
anatomy onto a flat two-dimensional image creates tissue overlap that obscures eatly-stage
disease and widens the gap between readers [11]. Automated tools could bring much-needed
consistency to this process, but the deep learning systems that currently dominate the field
tend to require computational resources well beyond what portable devices can supply.

Data-driven approaches bring objectivity and repeatability to medical image analysis,
qualities that help temper subjective reading errors. Classical ML models — Logistic
Regression, Naive Bayes, SVM, Random Forest — have a credible track record in identifying
radiographic signs of pneumonia [12][13]. For example, [14] demonstrated that SVM, Logistic
Regression, and Random Forest applied to radiomic chest X-ray features can reliably separate
pneumonia from COVID-19. Similarly, [15] showed that SVM and Random Forest using
handcrafted descriptors (LBP and CNN-derived features) exceeded 97% accuracy in multi-
class chest X-ray classification, underscoring the continued clinical relevance of these
methods. Careful feature engineering is what makes these classical pipelines work [16][17].
Deep CNNSs have, of course, achieved strong results for pneumonia and COVID-19 detection
[18]19][20], but their computational appetite makes them impractical on portable hardware
[21], a shortcoming that multiple recent pneumonia detection surveys have flagged [22][23],
and their black-box nature undermines clinical trust [24]. This highlights a key practical
challenge. Clinicians require tools that are both accurate and fast enough to run on the
hardware they actually have — small single-board computers, not data-center GPUs. Yet
despite years of work on both classical and deep learning approaches to chest X-ray analysis,
remarkably few studies have asked a simple question: can traditional image descriptors,
running directly on modern edge Al boards, deliver acceptable pneumonia screening
performance? That is exactly what this study sets out to answer, and the question maps directly
onto the papet's core aim — lightweight pneumonia detection through classical descriptors
on edge Al devices.
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Novelty of this Work:
Previous work has applied classical ML to chest X-ray classification, but this study

differs from that body of work in three concrete ways: (i) we carry out a controlled, head-to-

head comparison of twelve classifier—feature combinations under identical experimental

conditions, something that earlier studies did piecemeal; (i) we physically deploy and

benchmark the top-performing pipelines on a commercially available edge Al board (the

NVIDIA Jetson Orin Nano Super), reporting actual latency, throughput, and model size

numbers rather than theoretical estimates; and (iif) we include formal statistical significance

testing via McNemar's test to verify that observed performance differences are not due to

chance — a step that comparable lightweight studies have skipped. Together, these three

elements give practitioners concrete data to guide their choice of classifier—feature pairing for

real clinical edge deployment.

Research Obijectives:

Four specific objectives guided this study:

O1: Compare classification accuracy, precision, recall, and F1 score across all twelve classifier—

feature combinations using a standardized chest X-ray dataset.

0O2: Measure inference latency, frames per second, and model size for each pipeline when

running on the NVIDIA Jetson Orin Nano Super.

0O3: Identify which classifier—feature combinations offer the strongest trade-off between

diagnostic accuracy and computational speed for edge deployment.

O4: Test whether the observed performance differences across configurations are statistically

significant.

In addition to these objectives, the study offers the following technical contributions:

A lean pneumonia detection pipeline combining HOG, SIFT, and ORB feature
extraction with four classical ML classifiers.

Actual deployment on the NVIDIA Jetson Orin Nano Super, with measured latency,
model size, and throughput figures.

An evaluation that covers both classification quality (accuracy, precision, recall, F1)
and runtime cost (inference time, FPS, model size), backed by statistical significance testing.

Why these four classifiers? They cover the spectrum of classical MLL complexity —
from simple probabilistic models (Naive Bayes, Logistic Regression) to a kernel method
(SVM) and an ensemble approach (Random Forest). All four have established performance in
medical image classification [25][26], and all fit comfortably in the memory and compute
budgets typical of edge devices.

The paper is organized as follows. Section II describes the methodology. Section 111
defines the evaluation metrics. Section IV presents and discusses the results. Section V
considers broader implications. Section VI sets out recommendations. Section VII concludes.
Methodology:

Figure 1 shows the end-to-end pipeline used in this study. It has five stages: (i) data
acquisition and splitting, (if) preprocessing, (iii) feature extraction with HOG, SIFT, or ORB,
(iv) classifier training and testing using Naive Bayes, SVM, Random Forest, and Logistic
Regression, and (v) deployment on the NVIDIA Jetson Orin Nano Super. Each stage
corresponds to one or more of the research objectives (O1-O4) listed in Section I-B.

Special Issue Page | 585



OPEN ACCESS . . . .
a International Journal of Innovations in Science & Technology

Data Preprocessing

_—
— | A A
Resize to 128 * 128
Convent 1o GrayScale

v

Feature Engineering

Chest X-Ray Dataset

.

Oriented FAST and Rotated BRIEF (ORB)

Histogram of Oriented Gradients  Scale-Invariant Feature Transform (SIFT)

(HOG) Difference of Gaussians FAST Keyg:::,s; ;nemaaon
Image gradients
Magnatude and Orientation
fatr B
*H Keypoints Detection SIFT Descriptor

*0:‘D'0-0

1011010170

Beary Featores

Classification Models

Naive Bayes
Support Vector Machin

e
Random Forest 7
Logistic Regression | o

Deploy on NVIDIA jetson

Figure 1. Pipeline for pneumonia detection using classical feature extraction and machine
learning classifiers.
Dataset:

We used the publicly available Kaggle chest X-ray dataset, which contains 5,863 labeled
pediatric radiographs split into two classes: Pneumonia (n = 4,273; 72.9%) and Normal (n =
1,583; 27.0%). The dataset comes with fixed splits — 5,216 training images, 16 validation
images, and 0624 test images. Given the roughly 2.7:1 class imbalance, we set
class_weight="balanced' in every classifier to give the minority class greater weight during
training. We intentionally left out oversampling and augmentation to keep the original
distribution intact — a choice that better reflects what a real clinical dataset looks like. We
included only frontal-view pediatric chest radiographs with confirmed labels; lateral views and
unlabeled images were excluded.

Data Preprocessing:

All images were resized to 128 X 128 pixels for uniform input dimensions and to keep
compute costs down. We converted every image to grayscale and normalized pixel intensities
to the [0, 1] range before extracting features. This removes unnecessary color variation from
the images.

Feature Extraction:
Three handcrafted feature extraction methods were used:

Histogram of Oriented Gradients (HOG) [22]: HOG works by computing image
gradients using derivative kernels:

D, =1 %K, D,=1x*K,
And then calculating per-pixel gradient magnitude
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M(x,y) = /{D,% + D2z}

And orientation 0(x,y). The image is divided into small cells, and orientation
histograms from each cell are assembled and normalized over larger blocks. This makes the
descriptor robust to lighting changes and produces a dense vector encoding the local edge
structure of the image.

Scale-Invariant Feature Transform (SIFT) [23]: SIFT locates keypoints that remain
stable across changes in scale and rotation by computing Difference-of-Gaussians:

Al(x,y,0) = L(x,y, ko) — L(x,y,0).

Each keypoint receives an orientation from the local gradient distribution and gets a
128-dimensional descriptor f = [hy, hy, hq2g]. Since the number of keypoints varies from image
to image, we used a Bag-of-Visual-Words scheme with k = 500 visual words to produce fixed-
length feature vectors.

Oriented FAST and Rotated BRIEF (ORB) [24]: ORB pairs the FAST keypoint

detector with a rotation-aware version of the BRIEF binary descriptor. Keypoint orientation

—1 (Mo1) . . . . .
0 =tan™! (m—m) is calculated from image moments. The output is a compact binary string
10

based on intensity comparisons at fixed point pairs — a format that lends itself naturally to
fast inference on low-power hardware.
Classifiers and Hyperparameter Settings:

We trained four classifiers on each feature type. Table II lists the full hyperparameter
settings so that every experiment reported here can be reproduced (supporting O1).

The choice of classifiers was guided by three considerations: (i) all four have been
shown to work well on medical image classification tasks [12]; (i) they are lightweight enough
in memory and inference time to run within edge hardware constraints; and (iii) their decision
boundaries are fundamentally different — linear (Logistic Regression), probabilistic (Naive
Bayes), kernel-based (SVM), and ensemble (Random Forest) — which lets us compare across
several levels of model complexity.

Table 1. Hyperparameter Settings for All ML Classifiers

Classifier Parameter Setting / Value
Naive Bayes var_smoothing 1x107° (GaussianNB default)
SVM kernel, C, vy, class_weight RBF, 1.0, 'scale', 'balanced.'

n_estimators, max_depth,

; . . 100, None, 2, 'balanced.’
min_samples_split, class_weight

Random Forest

C, solver, max_iter, penalty,

Logistic Regression class_weight 1.0, Ibfgs, 1000, L2, 'balanced.

Table 2. Hyperparameter Settings for Feature Extraction Models (HOG, SIFT, ORB)

Descriptor Parameter Setting / Value
orientations, pixels_per_cell, cells_per_block, | 9, (8, 8), (2, 2), L2-
HOG
block_norm Hys
SIFT nfeatures, nOctavelayers, contrastThreshold, | 0 (all), 3, 0.04, 10,
edgeThreshold, sigma, BoVW k 1.6, k = 500
ORB nfeatures,  scaleFactor, nlevels, edgeThreshold, | 500, 1.2, 8, 31, 31,
patchSize, WTA_K 2

Validation Strategy:

Every classifier was trained on the predefined training partition (5,216 images) and
subsequently tested on the fixed held-out test set (624 images), in line with standard
benchmarking practices for this dataset. In addition, we carried out 5-fold cross-validation on
the training data to gauge stability and reduce the risk of overfitting. The resulting train-to-test
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ratio is approximately 89:11. To determine whether the accuracy differences between any two
configurations were statistically meaningful, we applied McNemat's test (x = 0.05) to their
paired prediction outputs on the test set.
Model Deployment:

The best-performing pipelines — Logistic Regression + ORB for speed, and Random
Forest + HOG for accuracy — were deployed on the NVIDIA Jetson Orin Nano Super
(shown in Figure 2) using unaccelerated ARM CPU cores in a purely sequential, single-
threaded execution path. Pre-trained scikit-learn model weights were loaded into pre-allocated
memory buffers during initialization. Each input image was resized to 128 X 128 pixels and
normalized with OpenCV. End-to-end inference latency for Logistic Regression + HOG
came to roughly 0.325 ms per image, demonstrating the feasibility of real-time operation on
resource-constrained hardware.

Defefrleacneat;Tee =2

Figure 2. NVIDIA Jetson Orin Nano Super used for model deployment
Evaluation Metrics:

Classification performance was measured with four standard metrics. Using aaa for
true positives, bbb for false positives, ccc for false negatives, and ddd for true negatives:

Accuracy (ACC) = (a+d) / (a+ b + ¢ + d) — simply the fraction of all predictions
the model gets right.

Precision (Pre) = a / (a + b) — of the cases the model labels as positive, how many
actually are. High precision means fewer false alarms and fewer patients sent for unnecessary
treatment.

Recall (Rec) = a / (a + ¢) — of the truly positive cases, how many the model catches.
High recall means fewer missed diagnoses.

F1 Score (F1) = 2a / (2a + b + ¢) — the harmonic mean of precision and recall, giving
a single number that captures the balance between precision and recall.

For the edge deployment side, we recorded inference time (ms per sample), frames per
second (FPS), and stored model size (KB). Pairwise accuracy differences were tested with
McNemar's test (ax = 0.05). All metrics were computed on the held-out test set.
Experimental Results and Discussion:

In this section, we evaluate all twelve classifier—feature configurations against the four
research objectives (O1-O4). The evaluation unfolded in two phases: cloud-based training
and testing on Google Colab environment, followed by edge deployment on the NVIDIA
Jetson Orin Nano Super Developer Kit.

Classification Performance (Objective O1):

Accuracy (Figure 3): Random Forest paired with HOG achieved the highest

performance at 93.52% accuracy and a 95.60% F1 score. Logistic Regression with ORB was
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notably fast, while both Logistic Regression and SVM with SIFT features reached 91.81%.
Naive Bayes + SIFT trailed the pack at 84.90%, not entirely surprising, given that Naive Bayes
assumes feature independence, a condition that high-dimensional, correlated descriptors
clearly violate. McNemar's test showed a statistically significant gap between RE+HOG and
NB+SIFT (p < 0.01), but no significant difference between LogReg+SIFT and SVM+SIFT

(p = 0.83).
80%
60%
40%
Feature
2 [+}
0% mm HOG
mmm ORB
mmm SIFT
0%
RF SVM

LogReg NB
Classifier

Figure 3. Accuracy of classifiers using HOG, ORB, and SIFT.
Precision (Figure 4): Logistic Regression + HOG led with 98.89% precision, with
SVM + HOG very close behind at 98.87%. From a clinical standpoint, high precision matters
because each false positive sends a healthy patient down an unnecessary treatment path.
Random Forest + SIFT showed the lowest precision at 90.64%. at 90.64%.
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Figure 4. Precision of classifiers using HOG, ORB, and SIFT.
Recall (Figure 5): Random Forest + HOG posted the highest recall at 96.49%,
meaning it missed very few actual pneumonia cases — a critical property when delayed
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treatment can have serious consequences. In contrast, SVM + HOG recorded the lowest recall
at 81.87%.

100%

80%
60%
40%
. Feature
20% mm HOG
mmm ORB
mam SIFT
0
RF SVM

LogReg NB
Classifier

Figure 5. Recall of classifiers using HOG, ORB, and SIFT.
F1 Score (Figure 6): Random Forest + HOG achieved the highest F1 of 95.60%,

balancing precision and recall well. Naive Bayes + SIFT had the lowest F1 at 88.89%.
100%
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=
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Figure 6. F'1 Score of classifiers using HOG, ORB, and SIFT.

How do these results compare with deep learning models? Our RF+HOG pipeline
(93.52%) sits comfortably within the 90-96% accuracy range reported by recent lightweight
CNN-based approaches tested on the same Kaggle dataset [27], but does so without a GPU,
with sub-millisecond inference, and with model files under 6 MB. For context, [12] achieved
89% using a classical SVM pipeline, and [13] reached 91% with classical features — both below
what we report here. The takeaway is that a well-tuned classical pipeline can still achieve
competitive performance when deployment constraints make deep learning impractical.
Edge Deployment Performance (Objectives O2, O3):

Table I shows inference time, FPS, and model size as measured on the Jetson Orin
Nano. Logistic Regression + ORB was the fastest configuration, finishing each inference in
0.187 ms and reaching 5,342.79 FPS — thereby addressing O2. Random Forest consistently
took the longest (8.0—8.2 ms) and had the largest models (up to 5,695.81 KB with SIFT
features). SVM fell in between, with FPS ranging from 2,419.50 (ORB) to 3,047.58 (HOG).
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The results indicate that: pairing a simpler classifier with a compact descriptor like ORB gives
the best real-time throughput, which addresses O3.
Table 2. Analysis of Inference Time, FPS, and Model Size on NVIDIA Jetson Orin Nano

Classifier | Feature | Inf. Time (ms) FPS | Size (KB)
LogReg ORB 0.187 5342.79 1.62
NB ORB 0.218 4489.43 3.88
RF ORB 8.034 125.37 | 5233.62
SVM ORB 0.442 2419.50 | 798.39
LogReg SIFT 0.398 2512.60 1.62
NB SIFT 0.374 2690.77 3.88
RF SIFT 8.245 122.65 | 5695.81
SVM SIFT 0.345 2811.47 1.62
LogReg | HOG 0.325 3078.36 64.12
NB HOG 0.630 1587.67 | 253.88
RF HOG 8.179 122.26 | 2676.10
SVM HOG 0.328 3047.58 64.00

Research Objectives Achievement Summary:

Looking across the full set of experiments, each of the four objectives has been
addressed. For O1, we systematically compared all twelve configurations, and RE+HOG came
out ahead on accuracy (93.52%), F1 (95.60%), and recall (96.49%); McNemar's test confirmed
a significant difference between the top and bottom performers (p < 0.01). For O2, every
pipeline was deployed and profiled on the Jetson Orin Nano Super, with LogReg+ORB
posting the lowest latency (0.187 ms) and highest throughput (5,342.79 FPS) — all without
GPU acceleration. O3 was answered by mapping out which configuration best balances
detection quality against speed, giving practitioners a clear basis for choosing a setup that fits
their clinical constraints. O4 was met through McNematr's test, which verified that the gap
between the strongest and weakest pipelines is not due to chance (p < 0.01). In short, the
proposed framework does what it set out to do and produces repeatable results for pneumonia
screening on low-cost edge hardware.

Implications:
Clinical Implications:

A recall of 96.49% means RF+HOG misses very few pneumonia cases — something
that matters enormously in paediatric wards and emergency departments where a delayed
diagnosis can be fatal. On the precision side, LogReg+HOG at 98.89% keeps false positives
low, which in turn avoids unnecessary courses of antibiotics and supports better antimicrobial
stewardship. The fact that inference takes less than a millisecond opens the door to bedside
screening in clinics that have no radiologist on staff. And because these models rely on
interpretable features (HOG, SIFT, ORB) rather than opaque neural network weights, it is
easier for clinicians and regulators to understand — and trust — the output.

Technical Implications:

The deployment numbers make a straightforward point: classical ML pipelines run in
real time on standard ARM processors with no GPU at all. Model sizes range from 1.62 KB
(LogReg+ORB/SIFT) to 5,695.81 KB (RF+SIFT), all well within the memory capacity of
typical embedded boards. Running inference entirely on-device also removes the need for
internet connectivity and the privacy concerns that come with sending patient X-rays to
external servers. Because the pipeline is modular — swap in a different feature extractor or
classifier and the rest stays the same — it can be adapted to other medical imaging tasks
without starting from scratch.
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Societal Implications:

The countries hit hardest by pneumonia are the same ones with the fewest radiologists.
A screening tool that runs on a sub-$200 board (the Jetson Orin Nano Super) and needs no
internet connection could meaningfully improve early detection in rural and remote clinics.
Scaled up, such a tool could help bring down pediatric pneumonia deaths by getting children
onto antibiotics sooner — an outcome aligned with the WHO's priorities and the United
Nations Sustainable Development Goal 3 (Good Health and Well-Being).
Recommendations:

For Clinical Practitioners:

Where diagnostic accuracy and recall matter most — emergency triage, pediatric wards
— RF+HOG is the stronger choice. Where speed on a low-power device is the priority,
LogReg+ORB gives the best accuracy-to-latency ratio. Either way, we recommend keeping a
clinician in the loop; the system works best as a second opinion or pre-screening filter, not as
a standalone diagnostic.

For Policymakers:

For high-burden regions, investing in edge-based pneumonia screening makes
financial sense: the entire pipeline runs on a standard laptop or single-board computer with
no cloud subscription. Policymakers in South Asia and Sub-Saharan Africa should consider
incorporating automated chest X-ray pre-screening into national pneumonia programs, while
updating regulatory frameworks to cover Al-assisted diagnostics.

For Future Researchers:

Several directions follow naturally from this work. First, fusing handcrafted features
with CNN-derived representations could push accuracy higher. Second, model compression
techniques — quantization, pruning — could shrink the Random Forest models further.
Third, the framework should be tested on adult pneumonia datasets and broader benchmarks
like NIH ChestX-ray14. Fourth, explainability methods such as Grad-CAM adaptations for
classical features deserve investigation. Finally, profiling the pipeline on other edge platforms
— Jetson Xavier NX, Raspberry Pi 5, Coral Edge TPU — would show how broadly the
approach generalizes.

Conclusion:

This study set out to fill a gap: lightweight, interpretable pneumonia detection designed
for edge hardware. Judged against the four objectives, the quantitative picture is as follows:
(O1) RF+HOG delivered the strongest classification numbers — 93.52% accuracy, 95.60%
F1, 96.49% recall — and was statistically superior to the weakest pairing (NB+SIFT at 84.90%;
p < 0.01, McNemat's test). (O2) LogReg+ORB was the most efficient on the edge, finishing
each inference in 0.187 ms and reaching 5,342.79 FPS on the Jetson Orin Nano Super without
GPU help. (O3) A clear accuracy-versus-speed trade-off emerged: RF+HOG maximizes
detection quality but costs 8.179ms per inference, while LogReg+ORB cuts latency at the
expense of 4.62 percentage points of accuracy (88.90%). The optimal configuration therefore
depends on the specific clinical requirements. (O4) McNemar's test confirmed that the best
pipeline significantly outperforms the worst (p < 0.01), giving confidence that the comparisons
hold up.

In summary, the results indicate that handcrafted descriptors paired with classical
classifiers can reach clinically relevant accuracy on hardware that costs under $200 and draws
minimal power — a useful result for any setting where pneumonia screening is needed but
computing infrastructure is limited. The framework is ready for deployment. Future work will
explore deep feature fusion, model pruning, and benchmarking across additional edge
platforms to close the remaining gap with deep learning methods.
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