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ARTICLE INFO ABSTRACT

Keywords: Region-based convolutional networks (R-CNN) remain a compact way to teach how transfer learning
R-CNN connects image classification with object detection. This paper documents a Python port of the
object detection MATLAB “Train Object Detector Using R-CNN Deep Learning” stop-sign example, implemented in
transfer learning parallel in PyTorch and TensorFlow/Keras on Google Colab. The workflow pre-trains a three-block
PyTorch CNN on CIFAR-10, replaces its head with a two-class (stop sign vs. background) head, fine-tunes it
TensorFlow on IoU-labelled sliding-window patches, and detects stop signs by scoring windows. We report the
CIFAR-10 results that the executed run actually produced: the PyTorch CNN, trained for 20 epochs, lowered the
stop-sign detection cross-entropy loss from 2.3033 to 1.6880 and reached 38.34% top-1 accuracy on the 10,000-image

CIFAR-10 test set, and both implementations share 116,906 trainable parameters. We analyse why
training initially stalled at the chance-level loss, show analytically that a single-scale 32 X 32 window
can yield positive patches (IoU > 0.5) only for objects about 22.6-45.3 px wide, and list the pitfalls
that kept the TensorFlow evaluation and the stop-sign fine-tuning stages from completing. The paper is
therefore an implementation report with a corrected evaluation protocol, not a benchmark of detection
accuracy.

1. Introduction of this recipe that pre-trains a CNN on CIFAR-10 (50,000
training images) and then fine-tunes it for stop-sign detection
with just 41 training images (The MathWorks, Inc., 2026a).
The same documentation now marks the underlying training
function as not recommended in favour of other detector
types (The MathWorks, Inc., 2026b), which motivates open,
framework-neutral ports of the workflow.

Traffic-sign detection is also an active application area.
Recent work includes a survey of approaches and datasets
(Lim et al., 2023), multi-task recognition with a YOLOv7-
based region-of-interest module (Alawaji et al., 2024), lightweight
YOLO variants (Cao et al., 2024; Wu et al., 2025), and a
lightweight transformer-based detector (Xie et al., 2025).
A minimal R-CNN pipeline is not competitive with these
systems, but it is a transparent baseline for teaching and
for studying how choices in the proposal stage and in the
training recipe affect the outcome.

This paper documents a Python port of the MathWorks
stop-sign workflow implemented in parallel in PyTorch
(Paszke et al., 2019) and TensorFlow/Keras (Abadi et al.,
2016) and run on Google Colab. Our contributions are:

Object detection, the task of locating and classifying
object instances in an image, is one of the foundational
problems of computer vision, and its technical evolution over
roughly a quarter century is well documented (Zou et al.,
2023). A turning point for deep-learning-based detection
was R-CNN, which applied a high-capacity convolutional
network to bottom-up region proposals and showed that
supervised pre-training on an auxiliary task, followed by
domain-specific fine-tuning, gives a large boost when la-
belled detection data are scarce (Girshick et al., 2014). Later
region-based detectors replaced the external proposal step
with a learned region proposal network that shares convolu-
tional features with the detector (Ren et al., 2017), and recent
transformer-based detectors such as RT-DETR reach real-
time speed without non-maximum suppression (Zhao et al.,
2024).

Although it has been superseded in accuracy and speed,
the original R-CNN recipe remains a useful, compact illus-
tration of transfer learning (Zhuang et al., 2021): a small
network is pre-trained on a large classification dataset and

then re-purposed for detection with only a few dozen anno- e a side-by-side specification of the two implementa-
tated images. MathWorks distributes a widely used example tions (architecture, parameter count and training con-
*Corresponding author figuration), showing that both have 116,906 trainable
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parameters and identifying the configuration differ-
ences that must be controlled before the frameworks
can be compared fairly;

e the results actually obtained in the executed run,
namely the PyTorch CIFAR-10 pre-training curve and
its 38.34% test accuracy, together with an analysis of
the initial loss plateau and the learning-rate schedule;
and

e an analytical bound showing that a single-scale 32x32
sliding window supplies positive training patches only
for a narrow range of object sizes, a list of implemen-
tation pitfalls, and a corrected evaluation protocol for
completing the study.

We state throughout which stages were executed and
which were not; no detection accuracy is claimed.

2. Related Work

2.1. Region-based detection and transfer learning

R-CNN combines class-agnostic region proposals with
a CNN classifier (Girshick et al., 2014). In the original
work, proposals come from selective search, which merges
exhaustive search with segmentation and reaches 99% recall
with a mean average best overlap of 0.879 at 10,097 locations
(Uijlings et al., 2013). Faster R-CNN removes this bottle-
neck by sharing full-image convolutional features between a
region proposal network and the detector, running at about 5
frames per second on a GPU with a VGG-16 backbone (Ren
et al., 2017). Transfer learning, the mechanism behind the
pre-train/fine-tune step, is surveyed in Zhuang et al. (2021),
and a broader history of detectors, datasets and metrics is
given in Zou et al. (2023).

2.2. Traffic-sign detection

Lim et al. (2023) review approaches and datasets for
traffic-sign recognition. Alawaji et al. (2024) combine a
YOLOv7-based region-of-interest module with multi-task
classification and report 99.07% test accuracy for their best
soft-sharing model, plus real-time tests on Riyadh high-
ways. Cao et al. (2024) propose YOLOvV7-tiny-RCA, which
reduces the parameter count from 6.13M to 4.99M and
reports 81.03% mAP. Wu et al. (2025) describe a lightweight
YOLO-based detector deployed in a mobile app, and Xie
et al. (2025) adapt RT-DETR to traffic-sign detection with
a lighter backbone. These systems rely on large annotated
traffic-sign datasets and modern one-stage or transformer
detectors; the setting studied here (41 training images and
a CNN with about 117 thousand parameters) is deliberately
far smaller.

2.3. Comparisons of deep-learning frameworks

PyTorch was introduced as an imperative, high-performance

library (Paszke et al., 2019), and TensorFlow as a system for
large-scale machine learning (Abadi et al., 2016). PyTorch 2
later added graph compilation through TorchDynamo and

TorchInductor while keeping the flexibility of Python (Ansel
et al., 2024). Empirical comparisons do not point to a single
winner. Novac et al. (2022) trained the same stereo-matching
CNN in both libraries and measured PyTorch to be about
25.5% faster in training and 77.7% faster at evaluation, while
TensorFlow reached a slightly lower error rate (a 1.16%
difference). Georgiou et al. (2022) found that TensorFlow
had better energy and run-time performance in training,
whereas PyTorch was better in inference in 66% of the
cases studied, with comparable model accuracy. Such results
depend on the model, the data pipeline and the configuration,
so a fair comparison requires matched preprocessing, hyper-
parameters and seeds. Section 3 examines to what extent this
holds for our two implementations.

3. Method

3.1. Overview

Fig. 1 summarises the workflow, which follows the
MathWorks example (The MathWorks, Inc., 2026a): (i) pre-
train a small CNN on CIFAR-10; (ii) replace the final
layers so that the network outputs two classes (stop sign
and background); (iii) fine-tune on patches derived from the
annotated stop-sign images; and (iv) detect by scoring can-
didate windows in a test image. Each stage is implemented
twice, once per framework, in a single Colab notebook.

3.2. Data

CIFAR-10 (Krizhevsky, 2009) contains 50,000 train-
ing and 10,000 test images of size 32 X 32 with three
colour channels in ten classes. The PyTorch branch loads
it through torchvision and the TensorFlow branch through

keras.datasets. The detection stage uses the stopSignsAndCars.mat

ground-truth table of the MathWorks example, which holds
41 images annotated with stop-sign bounding boxes in
[x, y, w, h] format.

3.3. CNN architecture

Both frameworks use the same topology: three Conv—
ReLU-MaxPool blocks followed by two fully connected
layers (Table 1). With 5 X 5 kernels, stride 1 and padding 2
(padding="same’ in Keras), the convolutions preserve spatial
size, and the 3 X 3, stride-2 pooling reduces the 32 X 32 input
to 15 x 15,7 X 7 and finally 3 X 3, giving 64 X 3 X 3 = 576
features for the first fully connected layer.

The Keras model summary in the notebook reports
116,906 trainable parameters, which matches the analytic
count in Table 1 and the layer shapes of the PyTorch
model printed in the same notebook (Linear(576, 64) and
Linear(64, 10)). In both ports the first convolutional layer
is initialised from N'(0, 0.00012); all other layers use their
framework’s default initialiser, and these defaults are not
identical between PyTorch and Keras.

3.4. Pre-training configuration

Table 2 lists the pre-training settings as coded in the
notebook. The two configurations are close but not identical.
The input scaling and the number of epochs differ; the Keras
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Overall workflow (implemented in both PyTorch and TensorFlow/Keras)

's ™\ s A ( )
1. CIFAR-10 data 2. CNN pre-training 3. Head replacement
50,000 train / 10,000 test —> 3 x (Conv 5x5, ReLU, —> Keep conv features
10 classes, 32x32%3 RGB MaxPool 3x3 / stride 2) new FC 576 — 64 - 2
FC 576 - 64 — 10 (stop sign vs. background)
\. J \ J . /
s N e N
4, Fine-tuning 5. Detection
Sliding-window patches, 32x32 —> Sliding window, stride 16
ToU > 0.5 - positive score > 0.7 — highest-scoring
IoU < 0.3 — negative window drawn as detection
. J - J

Blue: transfer-learning source stage -

Orange: detection-specific stages

Figure 1: Workflow implemented in the notebook. Stages 1-2 (blue) form the transfer-learning source; stages 3-5 (orange) are
specific to stop-sign detection.

Table 1

Layer configuration and parameter count of the CIFAR-10 CNN (identical in both frameworks).

Layer Configuration Output size  Parameters
Input RGB image 32x32%3 0
Convl + ReLU 32 filters, 5 x 5, stride 1, padding 2 32x32x32 2,432
MaxPooll 3 x 3, stride 2 15x15%x32 0
Conv2 + ReLU 32 filters, 5 x 5, stride 1, padding 2 15x 15 %32 25,632
MaxPool2 3 X 3, stride 2 7TX7%x32 0
Conv3 + ReLU 64 filters, 5 x 5, stride 1, padding 2 7x7x 64 51,264
MaxPool3 3 % 3, stride 2 3x3x64 0
Flatten — 576 0
FC1 + ReLU 64 units 64 36,928
FC2 10 units (softmax at inference) 10 650
Total 116,906

scheduler multiplies the learning rate by 0.1 at the start of
the eighth epoch, whereas PyTorch’s stepLR does so after
the eighth epoch has finished, a one-epoch offset; and the
weight-decay argument is realised by each framework’s own
optimiser, so its interaction with momentum should be ver-
ified rather than assumed equal. Because only the PyTorch
branch was trained in the recorded run, these differences do
not affect the reported numbers, but they must be equalised
before any accuracy or speed comparison.

3.5. R-CNN fine-tuning and detection

For detection, the convolutional feature extractor is
copied from the pre-trained network and a new two-class
head (FC 64, then FC 2) is attached. Training patches are
produced by sliding a 32 x 32 window with stride 16 over
each annotated image. A window is labelled positive if its

maximum IoU with any ground-truth box lies in [0.5, 1.0],
negative if it lies in [0.0,0.3], and is discarded otherwise.
Patches are resized to 32 X 32 and the network is fine-tuned
for 100 epochs with SGD (Ir 1073, momentum 0.9, batch
size 128); the PyTorch scheduler uses a step of 100 epochs,
so the learning rate is effectively constant.

At test time the same window grid is scored by the fine-
tuned network. Windows whose softmax probability for the
stop-sign class is at least 0.7 are kept and only the highest-
scoring window is drawn. There is no multi-scale search,
bounding-box regression or non-maximum suppression.

3.6. Proposed evaluation protocol

To complete the study we adopt the following protocol.
For CIFAR-10, report top-1 accuracy on the 10,000-image
test set as mean + standard deviation over at least five
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Table 2

Pre-training configuration of the two branches, as coded in the notebook.

Setting PyTorch

TensorFlow / Keras

Input scaling
Output / loss
Optimiser

LR schedule

Logits 4 CrossEntropyLoss
StepLR: X0.1 after every 8 epochs

Epochs / batch 20/ 128
Run in this study Yes

Mean 0.5, std 0.5 per channel (range [-1,1])

SGD, Ir 1073, momentum 0.9, weight decay 0.004

Division by 255 (range [0, 1])

Softmax + categorical cross-entropy (one-hot labels)
SGD, Ir 1073, momentum 0.9, weight_decay 0.004
LearningRateScheduler: X0.1 at the start of every 8th
epoch

40 / 128

No

seeds per framework, with identical input scaling, epochs
and schedule timing. For detection, count a prediction as
correct if its IoU with an unmatched ground-truth box is
at least 0.5, and report precision—recall curves and average
precision on a held-out split of the 41 images. The split must
be made by image rather than by patch, because windows
with stride 16 and width 32 overlap by half and patches
from one picture would otherwise leak between training and
test sets. Training time and inference throughput should be
measured with synchronised GPU timers, stating whether
eager or compiled execution (Ansel et al., 2024) was used.

4. Experimental Setup

All experiments ran in a Google Colab notebook. Py-
Torch reported a CUDA device and TensorFlow listed
one GPU. The GPU model and library versions were not
recorded in the notebook output, apart from a Python 3.12
runtime visible in a traceback path. Each configuration was
run once with a single seed, so every number below is a
single-run observation.

5. Results and Discussion

5.1. CIFAR-10 data

Both branches loaded the expected data: the PyTorch
loader reported 50,000 training images and the ten class
names, and the TensorFlow arrays had shapes (50000, 32, 32,
for training and (10000, 32, 32, 3) for testing. Fig. 2 shows
the first 25 training images produced by the run.

5.2. PyTorch pre-training

Fig. 3 plots the mean training loss per epoch, re-plotted
from the values logged by the notebook, and Table 3 lists
selected epochs. The loss stays at about 2.30 for the first four
epochs (2.3033, 2.3026, 2.3017 and 2.2990), which equals
In 10 ~ 2.3026, the loss of a classifier that predicts a uniform
distribution over ten classes. It then falls quickly between
epochs 5 and 8 (2.2779 to 1.8538), and this phase accounts
for 73.1% of the total reduction of 0.6153 between epochs
1 and 20. After the learning rate is cut to 10~ for epoch 9,
progress slows to 0.0839 between epochs 9 and 20 (1.7719
to 1.6880). The final mean training loss is 1.6880 and the
network reaches 38.34% top-1 accuracy on the CIFAR-10

Table 3
Selected epochs of the PyTorch pre-training run (from the
notebook log).

Epoch Learning rate  Mean training loss
1 1073 2.3033
4 1073 2.2990
5 1073 2.2779
8 1073 1.8538
9 1074 1.7719
16 1074 1.6992
17 1073 1.6910
20 1073 1.6880

test set, which is 3.8 times the 10% chance level but low for
this task.

Two design choices are plausible causes of the slow start
and the low final accuracy. First, the first-layer weights have
a standard deviation of only 1074, so initial activations, and
therefore the gradients reaching the earlier layers, are very
small, and the network needs several epochs to leave the
uniform-prediction plateau. Second, the schedule reduces
the learning rate tenfold after epoch 8, just after the loss
has begun to fall, so 12 of the 20 epochs run at a rate 10
to 100 times smaller. These are hypotheses: separating them
requires an ablation over the initial standard deviation, the
schedule and the number of epochs. Training accuracy and
a validation curve were not recorded, so the high final loss
is best read as an under-trained model rather than an over-
fitted one, and the test accuracy is a single end-of-training
measurement without early stopping.

5.3. TensorFlow implementation

The Keras model builds and its summary reports 116,906
trainable parameters, identical to Table 1. The TensorFlow
branch was not trained in the recorded run: the training flag
was set to False, the output shows neither training nor model
loading, and the following evaluation call raised an error
because the model had not been compiled. We therefore
report no TensorFlow accuracy, and no accuracy or speed
comparison between the two frameworks can be drawn from
this run.
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Table 4
Execution status of each stage in the recorded run.

Stage Coded  Output recorded  Observation

CIFAR-10 loading (both) Yes Yes 50,000 / 10,000 images; shapes as expected

PyTorch pre-training Yes Yes Loss 2.3033 — 1.6880; test accuracy 38.34%
TensorFlow pre-training Yes No Training flag False; evaluation raised a compile() error
Stop-sign data loading Yes No Needs stopSignsAndCars.mat and the image files

Patch extraction and fine-tuning Yes No Patch counts and losses not recorded

Detection on a test image Yes No Needs a test image (stopSignTest. jpg)

5.4. Limits of a single-scale sliding-window
proposal generator
The proposal stage replaces selective search (Uijlings
et al., 2013) with a fixed 32 X 32 window. For a window
of area a = 32% = 1024 px? and a ground-truth box of area
A, the IoU is bounded by

IoU < min(A, a)

9 1

max(A, a) M
because the intersection cannot exceed the smaller area and
the union cannot be smaller than the larger area. A positive
label (IoU > 0.5) therefore requires 512 < A < 2048 px2,
which for a square box means a side of 22.6-45.3 px (Fig. 4).

For box sides above 32/ \/0_ ~ 58.4 px every window has
IoU < 0.3 and is labelled negative, including windows that
lie entirely inside the object.

The notebook does not record the box sizes of the stop-
sign images or the number of positive and negative patches,
so we cannot state how many positives the run would have
produced. The bound does imply, however, that for stop signs
wider than about 45 px a single-scale grid yields no positive
patches and mislabels object interiors as background. Multi-
scale windows (an image pyramid or several window sizes)
or a proposal method such as selective search avoid this
failure mode.

5.5. Status of the remaining stages and
implementation pitfalls

Table 4 summarises which stages produced recorded
output. The stop-sign stages (data loading, patch extraction,
fine-tuning and detection) are implemented but have no
recorded output, so no detection result is reported.

Code inspection and the recorded errors reveal the fol-
lowing pitfalls, which should be fixed before the missing
stages are run:

e Head dimension in the PyTorch R-CNN. The two-class
head is defined with 64 -2 -2 = 256 input features, but
the copied feature extractor outputs 64 - 3 - 3 = 576
features for 32 x 32 inputs (Table 1). The forward pass
would fail with a shape error of the same kind as the
one recorded in an earlier training cell (128 X 576
versus 256 X 64). The head should take 576 inputs.

e [mage paths. The ground-truth table stores file names
that the MathWorks example remaps to the local file

system before use (The MathWorks, Inc., 2026a).
The notebook passes them directly to OpenCV, which
returns no image for a missing file, and the patch-
extraction loop skips such images silently, so an empty
training set can arise without any error message.

o Uncompiled Keras model. A Keras model must be
trained, or loaded in compiled form, or compiled
explicitly before evaluate is called; otherwise the call
fails as recorded.

o Unmatched preprocessing and schedules. The scaling,
epoch and schedule-timing differences in Table 2 con-
found any comparison between the frameworks.

5.6. What can and cannot be concluded about the
frameworks

Because only one branch produced results, we make no
claim about which framework is better. The literature reports
mixed outcomes (Novac et al., 2022; Georgiou et al., 2022),
and the choice between eager and compiled execution (Ansel
et al., 2024) can change timing further. The value of the
present port lies in making the equivalences and the remain-
ing differences explicit, so that a controlled comparison can
be run under the protocol in Section 3.6.
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Sample CIFAR-10 Training Images
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Figure 2: First 25 CIFAR-10 training images and their labels

(output of the notebook).
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Figure 3: Mean training loss of the PyTorch CNN over 20
epochs, re-plotted from the notebook log. Shading marks the
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6. Limitations

e Only the PyTorch CIFAR-10 stage produced quantita-
tive results, from a single seed; no confidence interval
can be given.

e No TensorFlow accuracy and no stop-sign detection
metrics are available, so the paper does not evaluate
R-CNN detection quality.

o The pre-trained network is a small CNN of about
117 thousand parameters trained on CIFAR-10, not
an ImageNet-scale model, and the fine-tuning set con-
tains only 41 images.

e Hardware, GPU model and library versions were not
recorded, and the two branches differ in preprocess-
ing, epochs and schedule timing.

o The explanations offered for the loss plateau and the
low accuracy are hypotheses that have not been tested
by ablation.

7. Conclusions and Future Work

We ported the MathWorks R-CNN stop-sign workflow
to PyTorch and TensorFlow/Keras and documented it stage
by stage. The executed run shows that the CIFAR-10 pre-
training stage in PyTorch works but under-trains under the
ported settings, reaching 38.34% test accuracy after a loss
plateau at In 10, and that the two implementations are struc-
turally identical at 116,906 parameters. The analysis shows
that a single-scale 32 X 32 window can supply positive
patches only for objects about 22.6—45.3 px wide and iden-
tifies concrete pitfalls that blocked the remaining stages.

Future work follows directly from the protocol in Sec-
tion 3.6: repair the pitfalls, equalise the two configurations,
run at least five seeds per framework, replace the fixed
window with multi-scale proposals or selective search, split
the 41 images by image, and report average precision at loU
0.5 together with training time and inference throughput.
Ablations over the first-layer initialisation, the learning-rate
schedule and the number of epochs would test the explana-
tions proposed in Section 5.2.
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