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Abstract

Gradient-boosted convolutional neural networks (GB-CNNs) grow a classifier by sequentially adding
and freezing dense layers fitted to pseudo-residuals, yet the parameter cost of this additive head is
seldom examined. This article proposes a capacity-aware GB-CNN (CW-GB-CNN) built on a closed-
form capacity model of the additive dense head, Phead(W, M), which gives the head's parameter count
from the layer width W and the number of boosting rounds M. The width of the boosted dense layers is
selected by weighing the modeled parameter cost against the accuracy it returns, rather than being fixed
a priori. CW-GB-CNN is compared with jointly trained networks, a gradient-boosted deep network, and
classical tree ensembles on five public image datasets using rank-based statistical tests. Boosting
reduced the test error of the jointly trained CNN by 49.7% on average, and CW-GB-CNN achieved the
best mean accuracy (95.66%) and mean rank (1.6). On CIFAR-10, its 20-neuron head matched a
conventional 128-neuron head (87.77% versus 87.86%) with 6.66 times fewer head parameters and 1.70
times fewer total parameters.

Keywords: Convolutional Neural Networks, Deep Neural Networks, Gradient Boosting, GB-CNN,
Capacity-Aware GB-CNN (CW-GB-CNN), GB-DNN, Pseudo-Residual Learning, Dense-Layer Width,
Parameter Efficiency, Ensemble Learning, Statistical Model Comparison, Image Classification

1. Introduction

Deep learning has become the dominant approach to visual recognition since AlexNet [1] demonstrated
that deep convolutional neural networks (CNNs) could surpass hand-engineered pipelines on large-scale
benchmarks. Convolutional architectures now underpin image classification [2], object detection [3],
anomaly detection [4], and medical image segmentation [5], and increasingly deep designs such as VGG
[6] and ResNet [7] have shown that representational depth is a principal driver of accuracy [8]. Depth,
however, complicates optimization: vanishing and exploding gradients, internal covariate shift, and
overfitting must be counteracted with batch normalization [9], careful initialization [10], residual
connections [7], and dropout [11], while all parameters are still optimized jointly by end-to-end back-
propagation.

Gradient boosting offers a different route to building accurate predictors. Formulated as functional
gradient descent [12, 13], it constructs an additive model stage by stage, each new learner fitting the
pseudo-residuals—the negative gradient of the loss—Ieft by the current ensemble. Gradient-boosted
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decision trees such as XGBoost [14] and LightGBM [15] remain the reference methods for tabular data
[16, 17]. This principle has been transferred to neural networks as gradient-boosted dense (GB-DNN)
and convolutional (GB-CNN) networks [18, 19], in which dense layers are added one per boosting
iteration and frozen once trained.
Despite encouraging results, the capacity implications and the external validity of gradient-boosted
networks have received limited attention. The additive head is precisely the component that boosting
enlarges at every iteration, and in CNNs the fully connected block is known to dominate the parameter
budget [20, 21]. Yet the width of each additive layer is normally fixed a priori, and its accuracy—capacity
trade-off is seldom quantified. Moreover, comparisons are typically restricted to jointly trained neural
counterparts, rarely include classical ensembles evaluated under the same protocol, and rarely apply the
non-parametric multi-dataset tests recommended for classifier comparison [22]. From this analysis, three
research gaps are identified:

e Gl: Cross-paradigm evidence. There is no unified benchmark placing GB-CNN and GB-DNN
alongside jointly trained networks and feature-based tree ensembles across heterogeneous image
domains (grayscale digits and apparel, natural color objects, agricultural grains, and hand gestures).

e (2: Capacity awareness. The parameter cost of the additive dense head as a function of layer width
and number of boosting rounds has not been formalized, and the accuracy obtained per additional
parameter has not been measured.

e (G3: Statistical validity. Claims of superiority of boosted networks are seldom supported by rank-
based significance testing over multiple datasets.

In this article, capacity-aware means that the width of the dense layers added by boosting is treated as a

design variable whose parameter cost is given by the proposed capacity model of the additive dense head

(Eqg. (7)) and weighed against the accuracy it returns, instead of being fixed a priori. Applying this model

to GB-CNN vyields the model proposed in this article, the capacity-aware gradient-boosted convolutional

neural network (CW-GB-CNN), which uses a compact additive head of 20 neurons per boosted dense
layer. All other classifiers serve as baselines: XGBoost, a decision tree (DT), and a random-
forest/decision-tree voting ensemble (RF+DT) built on histogram-of-oriented-gradients (HOG) features,
together with the jointly trained CNN and DNN and the gradient-boosted GB-DNN. A conventional GB-

CNN with a 128-neuron head (GB-CNN-128) serves as the wide-head reference. HOG [23] is a hand-

crafted image descriptor that divides an image into small cells, computes the direction and strength of

the local intensity changes (edges) within each cell, and summarizes them as histograms of edge
orientations, thereby encoding local shape without any learning. Since a new model is justified only if it
either improves performance significantly or achieves similar performance with fewer parameters, CW-

GB-CNN is assessed against both criteria: against the baselines for accuracy and against GB-CNN-128

for parameter efficiency.

To close these gaps, this article answers four research questions. RQ1: Does gradient boosting

consistently improve CNNs and DNNs across diverse image datasets? RQ2: How does dense-layer

width affect the accuracy and parameter efficiency of GB-CNN? RQ3: Are the observed performance
differences statistically significant across datasets? RQ4: How do boosted networks compare with

HOG-based tree ensembles? The main contributions are as follows.

1. A capacity model of the additive dense head: a closed-form expression Phead(W, M) for the
parameters of the boosted dense layers (Eq. (7)), together with three efficiency indicators—head
share, marginal accuracy yield, and accuracy per 10° parameters—and a width-selection rule built
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on them (Eq. (11), Algorithm 1). Applied to 20- and 128-neuron heads on CIFAR-10, the model
leads to the proposed CW-GB-CNN, which matches the accuracy of GB-CNN-128 with 6.66 times
fewer head parameters and 1.70 times fewer total parameters (Sections 3.5 and 5.4).

2. A unified multi-dataset benchmark of seven classifiers from three paradigms (feature-based tree
ensembles, jointly trained networks, and gradient-boosted networks) on five public datasets using
four complementary metrics (Section 5.1).

3. A statistical assessment based on relative error reduction, Friedman and Iman—Davenport tests,
Nemenyi critical-difference analysis, and Wilcoxon signed-rank tests (Section 5.3).

4. A HOG-based decision-tree and random-forest/decision-tree voting extension that serves as a
feature-based reference for the boosted networks (Sections 3.6 and 5.5).

The remainder of the article is organized as follows. Section 2 reviews related work and synthesizes the

gaps. Section 3 presents the framework and the capacity model. Section 4 describes the experimental

protocol. Section 5 reports the results, Section 6 discusses implications and threats to validity, and

Section 7 concludes the article.

2. Related Work

2.1 Deep Convolutional Architectures

AlexNet [1] established deep CNNs as the state of the art for large-scale image classification, and
subsequent work extended CNNs to transfer learning with web-data augmentation [2], real-time
detection with region proposal networks [3], image-encoded network anomaly detection [4], and 3-D
lesion segmentation with conditional random fields [5]. VGG [6] showed that stacks of small 3x3 filters
capture hierarchical abstractions, deconvolutional visualization clarified what these hierarchies encode
[8], and ResNet [7] made networks with hundreds of layers trainable through identity shortcuts. Batch
normalization [9], principled initialization [10], dropout [11], and adaptive optimizers [24] complete the
toolbox that makes joint end-to-end training practical, although it still requires substantial regularization
and computation.

2.2 Gradient Boosting and Tree-Based Ensembles

Boosting originated in the theory of weak learnability [25] and was popularized by AdaBoost [26].
Friedman [12] and Mason et al. [13] reinterpreted it as gradient descent in function space, allowing
arbitrary differentiable losses. Efficient implementations such as XGBoost [14] and LightGBM [15]
dominate tabular learning [16, 17]. Classification and regression trees [27], random forests [28], and
voting combinations of heterogeneous classifiers [29] remain attractive for their low training cost and
interpretability; for images, they are usually applied to engineered descriptors such as HOG [23]. Neural
architectures designed to rival trees on tabular data, including TabNet [30], DNF-Net [31], and deep
neural decision trees [32], further illustrate the convergence of the two families.

2.3 Boosting Deep Neural Networks

Several lines of work have combined boosting with neural networks; Table 1 summarizes representative
approaches. Bengio et al. [33] trained convex neural networks by greedily adding hidden units. Moghimi
et al. [34] boosted CNNSs, and Zhang et al. [35] built gradient-boosted random convolutional networks
for remote-sensing scene classification. BoostResNet [36] trained residual blocks sequentially with
boosting guarantees, ResFGB [37] related residual networks to functional gradient boosting, AdaNet
[38] adaptively grew network structure with learning guarantees, and GrowNet [39] boosted shallow
networks for tabular tasks. GB-DNN and GB-CNN [18, 19] are the most direct precursors of this study:

IJFMR260590493 Volume 8, Issue 5, September-October 2026 3



http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

they add one dense layer per iteration, freeze previously trained dense layers, and—for GB-CNN—fine-
tune the convolutional backbone on pseudo-residuals.

Table 1: Representative Approaches Combining Boosting and Neural Networks

Approach Unit added per stage Primary domain
Convex NN [33] Hidden neuron (greedy) Generic

Boosted CNN [34] CNN weak learner Images

GBRCN [35] Random convolutional network Remote sensing
AdaNet [38] Subnetwork (adaptive) Generic
BoostResNet [36] Residual block Images

ResFGB [37] Residual function Generic

GrowNet [39] Shallow network Tabular

EZ’] DNN /- GB-CNN Dense layer (frozen) + fine-tuned conv. layers Images, tabular
\S:vz\:l-(?B-CNN (this Dense layer with capacity-aware width analysis Five image domains

2.4 Capacity and Parameter Efficiency of Classification Heads

Fully connected layers account for most parameters of classical CNNs; network-in-network replaced
them with global average pooling [20], and deep compression showed that they can be pruned and
quantized aggressively with little loss [21]. Efficiency-driven families such as MobileNets [40] and
EfficientNet [41] made the accuracy—parameter trade-off an explicit design objective, and over-
parameterized networks are known to fit training data far beyond what generalization requires [42].
These observations motivate examining whether the dense head grown by gradient boosting is
appropriately sized—a question not addressed by the boosting studies above.

2.5 Synthesis of Research Gaps

Table 2 maps the gaps identified in Section 1 to the research questions, the corresponding contributions,
and the sections in which they are addressed.

Table 2: Mapping of Research Gaps to Questions, Contributions, and Sections

Gap Limitation in prior work Response in this article Sec.
B n rk mpared mainl ith | 7 model radigm

GLRQL oosted networks compared mainly wit odels, 3_ paradigms, 5 5.1 5.2
neural counterparts datasets, 4 metrics

Closed-form Phead(W, M);

G2/RQ2 | Head width fixed a priori; cost unquantified .. - 35,54
efficiency indicators
. N . Friedman, Nemenyi CD,
R N Iti- f ) :
G3/RQ3 0 multi-dataset significance testing Wilcoxon tests 5.3
RQ4 (G1) No feature-ensemble baseline in the same HOG DT/voting extension 36,55

protocol
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3. Proposed Framework and Methodology

3.1 Framework Overview

Figure 1 outlines the framework. Image datasets are explored, preprocessed, and divided into training
and test partitions. Two model branches are trained in parallel: a neural branch, which produces jointly
trained CNN and DNN baselines and their gradient-boosted counterparts, and a feature-based branch,
which extracts HOG descriptors for XGBoost, a decision tree, and a voting ensemble. All models are
evaluated on the held-out test data with identical metrics, the GB-CNN head is subjected to the capacity
analysis that yields the proposed CW-GB-CNN.

Figure 1: Proposed Framework Architecture

Data pipeline Neural branch

Benchmark datasets |
MNIST - Fashion-MNIST ’

Assessmoent

CNN / DNN GB-CNN /GB-DNN
(joint back-propugation) (pseudo-residunl boosting)
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i A mm?"‘cu,‘,i i s > recull, Fll-scun:
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rescale 1/255, resize, ‘ ) T ‘ XGBoost - Decision tree ]_ l
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3.2 Problem Formulation

Let D = {(xi, yi)}i=" be a labelled dataset in which x; € R™Wimg*C is an image and yi € {0, 1}¥ is the
one-hot encoding of its class among K categories. A classifier outputs a logit vector F(x) € RK that is
mapped to class probabilities by the softmax function,

exp (Fi(x))
Pi(X) = =%

; ) . k=1....K, (1)
j—1exp (Fj(x))

and training minimizes the empirical categorical cross-entropy

1 X &

N
VZZ\',Alogm(x,). (2)
N i=1k=1

X(F)=—

3.3 Gradient-Boosted Convolutional Neural Network
GB-CNN represents the classifier as an additive expansion constructed over M boosting iterations [12,
18]:

Fin(x) = Fiu—1(X) 4+ V P b (X: O, m=1,..., M, (3)
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where hm is the network hypothesis at iteration m, @y collects the parameters of the newly added dense
layer and the fine-tuned convolutional filters, pm is a step size, and v € (0, 1] is the shrinkage (learning-
rate) factor. The negative gradient of (2) with respect to the k-th logit gives the pseudo-residuals

| e )

'IA

- = Vi — Xi), (4)
dF(x;) Yie— P i)

C—)Z(),I‘|\,)):| (m—1)
-1

which measure, per class, how far the current ensemble is from the target. The new hypothesis is fitted
to these residuals by minimizing the mean squared error

I - |

N K
L m) _
0, .ugngn o ’2 HZ | (:i& lz,,,_/.(.\,.ﬂ))

Given hm, the step size is obtained with a single Newton—Raphson step on the cross-entropy along
direction hp:

Zi ZA I’;‘"” hm‘k (Xi)
Z-l h"l( Xi ]- ( di“‘é[l’i ) o plp, )hm[xr ) !

pm - (6 )

where pi = p™Y(x;) and the matrix in the denominator is the Hessian of the softmax cross-entropy with
respect to the logits.

Architectural realization. The backbone ¢(-) comprises three double-convolution blocks with 32, 64,
and 128 filters of size 3x3, each followed by batch normalization, ReLU activation, 2x2 max pooling,
and dropout with rates 0.2, 0.3, and 0.4, respectively. For a 32x32x3 input, flattening the final 4x4x128
tensor yields a d = 2048-dimensional representation. At the first iteration, a dense layer D1 of width W
and the K-way output projection are trained on the original targets. At each later iteration, previously
trained dense layers are frozen, a new dense layer Dm of width W is inserted immediately before the
output projection, and Dr is trained on (5) while the convolutional filters are fine-tuned. Frozen layers
preserve what earlier stages learned, so the new layer concentrates on the residual structure that the
current model has not yet captured. Figure 2 illustrates the procedure and Algorithm 1 summarizes it.

Figure 2: GB-CNN Training Procedure
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Algorithm 1: CW-GB-CNN Training With Additive Dense Layers

Input: Training set {(x;.y;) }‘;‘;,: candidate widths #"; rounds My for each W € #"; backbone output

size d; classes K; backbone parameters By ckhone: tolerance €; shrinkage v; epochs E; patience P

Output: Selected width W*; additive classifier Fjyy

I:
2
3
4
S
6
7
8

9:

10:
11:

24:

Stage A: capacity model and width selection
for each W € # do

Bicad W .My ) + (d+1)W + (My—1)(W+1)W + (W+1)K & capacity model, Eq. (7)
Ploml = H)ackbonc 5 Bleud; NMhead HW:{d/PlO(al & head share, Eq‘ (X)
F'W) « BOOSTEDTRAINING(W, My ) & Stage B
Accy + accuracy of FW)

- end for

: W « narrowest W with Accy > maxys Accyr — € > Eq. (11)

: Report MAY - _,w for each wider W > Eq. (9)

return W* and F'"V")

Stage B: additive training of width-W dense layers
procedure BOOSTEDTRAINING(W M)

Initialize backbone ¢ (3 double-conv blocks: 32/64/128 filters, BN, ReLU, max-pool,
dropout)

Attach dense layer D) (width W, (d+1)W parameters) and K-way output; train on y with
cross-entropy for < E epochs (early stopping, patience P)

F1(x) < logits of the trained network

for m =2 to M do

p::",""l" + softmax (I-‘,,,_l(x,))k > Eq. (1)

{m) (m—1 .
ra = Y — P & pseudo-residuals, Eq. (4)

Freeze Di,..., D4
Insert new dense layer D, (width W, (W+1)W parameters) before the output layer
Train D,, and fine-tune ¢ on {(x;.rg"” )} with MSE (Eq. (5)), < E epochs, patience P
Pm +— Newton-Raphson step (Eq. (6))
F;,,(K) = F;n I(x) T mehm(x) B Eq (3)
end for
return Fyy

end procedure

3.4 Gradient-Boosted Deep Neural Network
GB-DNN follows the same additive scheme (3)—(6) but operates on the vectorized image, X ~ vec(x),
without a convolutional backbone. Each iteration appends a dense layer that is fitted to the pseudo-
residuals while earlier dense layers are frozen [18]. Its jointly trained counterpart, DNN, consists of
stacked fully connected layers optimized end-to-end by back-propagation, and the CNN baseline shares
the backbone of GB-CNN but is trained jointly in a single stage. Pairing each boosted model with its
non-boosted counterpart isolates the effect of the boosting procedure.
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3.5 Capacity Model of the Additive Dense Head

To address G2, this article proposes a capacity model of the additive dense head: the parameter count of
the head is expressed as a function of the layer width W, the number of boosting rounds M, the backbone
output dimension d, and the number of classes K. The first dense layer maps d — W, each of the M — 1
additive layers maps W — W, and the output layer maps W — K. Counting weights and biases gives

Bread(W, M) = (d+1)W + (M—1)(W+1)W + (W+1)K (7)
—— AP e
D) Ds.....Dy output

Equation (7) is the capacity model of the additive dense head. It makes the cost of each design choice
explicit before any training is done and serves as the criterion for choosing the width of the boosted
layers, because the fully connected block dominates the parameter budget of CNNs [20, 21]. For
CIFAR-10 (d = 2048, K = 10), (7) yields Pnead(20, 3) = 40,980 + 2x420 + 210 = 42,030 and Phead(128, 2)
= 262,272 + 16,512 + 1,290 = 280,074, in exact agreement with the model summaries. Equation (7)
exposes two properties. First, because d > W, the term (d + 1)W dominates for practical widths, so head
size grows almost linearly with W and only weakly with M. Second, the additive layers contribute
O(MW?) parameters, so extra boosting rounds are inexpensive for narrow heads but increasingly costly
for wide ones.

The following indicators quantify efficiency. With Ptotal = Pbackbone + Phead, the head share is

Be : :
Mhead = 75— % 100%. (8)

total

For two configurations a (smaller) and b (larger) with test accuracies Acca, Accy in percent, the marginal
accuracy yield is the accuracy gained per 10° additional parameters,

Accp — Accy,

MAY,,_j = —.
o (Pmml.h 2 Plnml,,, ) |0S

9)

and the accuracy per 10° parameters is APK = Acc/(Pwta/10%). Finally, the benefit of boosting on each
dataset is summarized by the relative error reduction of a boosted model over its baseline,

(1 —Acchgse) — (1 — Acegn)

ERR < 100%, (10)

1 — ACChuw

which, unlike absolute accuracy differences, is comparable between easy and difficult datasets.

Proposed model. CW-GB-CNN is the gradient-boosted CNN whose dense-layer width is chosen by the
capacity model (7) and the indicators (8)—(9) (Algorithm 1), rather than fixed a priori. For a set of
candidate widths W, with Accw the accuracy of the boosted network of width W and € an accuracy
tolerance in percentage points, the selected width is the narrowest one that preserves accuracy,
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W* = min{W e H . Accw = max Accy t} (11)
W'e ¥

because the (d + 1)W projection dominates Phead and head size therefore grows almost linearly with W.
On CIFAR-10 with W = {20, 128}, the 0.09 pp accuracy difference lies within a tolerance of € = 0.1 pp,
which gives W* = 20 with M = 3 boosting rounds. The configuration with W = 128 and M = 2 (GB-
CNN-128) represents a conventional wide head and is evaluated only as a reference.

3.6 HOG-Based Tree Ensemble Extension

The feature-based branch represents each image by a HOG descriptor [23]. Gradient magnitudes g =
V(g2 + g, and orientations 9 = arctan(gy/gx) are accumulated into orientation histograms over local
cells, which are contrast-normalized over overlapping blocks and concatenated into a feature vector z.
Three learners operate on z.

Decision tree. A CART tree [27] recursively partitions the feature space by choosing, at node t, the split
that maximizes the decrease of the Gini impurity G(t) = 1 — Yk=1¥7u?, where m is the proportion of class
k among the samples reaching t.

XGBoost. XGBoost [14] fits an additive ensemble of T regression trees, yi = Y=1'fi(zi), by minimizing
the regularized objective Yil(Yi, %) + Yi(yLt + 2/2Iwd?), where L and w; are the number of leaves and the
leaf weights of tree f;.

Voting ensemble. The voting classifier combines a random forest [28] and a decision tree. For B base
classifiers producing class-probability estimates pn(z), the ensemble predicts [29]

B
V¥(z) = argmax — z PrilZ), (12)
o b=1

which reduces variance relative to its members when their errors are not perfectly correlated.

4. Experimental Setup

4.1 Datasets

Five public datasets with different resolutions, color channels, class counts, and application domains
were used (Table 3). MNIST [43] contains handwritten digits, Fashion-MNIST [44] contains grayscale
apparel images, CIFAR-10 [45] contains natural color images of ten object categories, the Rice Image
dataset [46] contains photographs of five rice varieties (Arborio, Basmati, Ipsala, Jasmine, and
Karacadag), and Rock-Paper-Scissors (RPS) [47] contains computer-generated images of three hand
gestures. This selection spans low-resolution grayscale images, small natural color images with high
intra-class variability, and higher-resolution domain-specific images.

Table 3: Characteristics of the Benchmark Datasets
Dataset Cls. Images | Size Ch. | Domain
MNIST [43] 10 70,000 28%28 1 Digits
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Dataset Cls. Images | Size Ch. | Domain
Fashion-MNIST [44] 10 70,000 28x28 1 Apparel
CIFAR-10 [45] 10 60,000 32x32 3 Objects
Rice Image [46] 5 75,000 250x250 |3 Agriculture
RPS [47] 3 2,892 300x300 |3 Gestures

4.2 Preprocessing

Pixel intensities were rescaled to [0, 1] by xnorm = X/255 to aid convergence. Images were resized to a
common resolution within each dataset, and class labels were integer-encoded and, for the neural
models, one-hot encoded. For the neural branch, training images were streamed through the Keras
ImageDataGenerator, which applied shear, zoom, and horizontal-flip augmentation to the training
partition only. For the feature-based branch, images were read, resized, converted to the required color
space, and described by HOG vectors that were stored with their labels as NumPy arrays. For CIFAR-
10, the complete official training (50,000) and test (10,000) partitions were used without subsampling.
4.3 Implementation and Hyperparameters

The neural models were implemented in TensorFlow/Keras and the tree-based models in scikit-learn
[48] and the XGBoost library [14]. Table 4 lists the GB-CNN settings used for the dense-head study.
Both configurations share the same backbone (Ppackbone = 296,992 parameters) and training schedule;
they differ only in the head. The 20-neuron head was grown for M = 3 rounds and the 128-neuron head
for M = 2 rounds, so the wider configuration is also the one with the larger head, as quantified by (7).

Table 4: GB-CNN Configuration for the Dense-Head Study (CIFAR-10)

Component Setting

Input 32x32x3, rescaled to [0, 1]

Conv. blocks 3 blocks of 2xConv3x3, filters 32 /64 / 128
Per block BN, ReLU, MaxPool 2x2, dropout 0.2/0.3/0.4
Flattened features d =2048

Dense width W 20 (CW-GB-CNN) | 128 (GB-CNN-128)
Boosting rounds M 3|2

Epochs per round 150, early stopping (patience 10)

Residual loss Mean squared error, Eq. (5)

Step size Newton-Raphson, Eq. (6)

Shrinkage v 0.1

4.4 Evaluation Metrics
Performance was measured on the held-out test partitions with accuracy, precision, recall, and F1-score.
For class k with TPy, FPx, and FNk true positives, false positives, and false negatives,

L wpa
Accuracy N IZI I(¥; = yi), (13)
" TP, TP, ,
Precision; = ———,  Recally = ———+—— (14)
recisiong TP, 1 FPs ecall TP, L FN;
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2 Precisiong Recall;

Fly (15)

Precision; + Recall;’

Class-wise values were aggregated by support-weighted averaging. Under this averaging, weighted
recall equals accuracy, which provides an internal consistency check on the reported tables.

4.5 Statistical Analysis Protocol

Following Demsar [22], the k = 7 classifiers were ranked by accuracy on each of the N = 5 datasets (rank
1 is best; ties receive average ranks), giving mean ranks R;. The Friedman statistic [49]

) l2N . 7 /\(A T 1 )2
= R; ——— (16
& k[k+l][z J 4 ] S

f=1

and its less conservative Iman—-Davenport correction Fr = (N — 1)ye?/(N(k — 1) — x¢?), distributed as F
with (k — 1) and (k — 1)(N — 1) degrees of freedom, test the null hypothesis that all classifiers are
equivalent. When this hypothesis is rejected, the Nemenyi post-hoc test declares two classifiers different
if their mean ranks differ by at least

[k(k+1)
CD G \Ill (—(;7\{’_> . (1 7)

with go.os = 2.949 for k = 7. Paired boosted/non-boosted comparisons were additionally assessed with
one-sided Wilcoxon signed-rank tests over the five datasets.

5. Results

5.1 Multi-Dataset Benchmark (RQ1, RQ4)

Table 5 reports the four metrics for all models and datasets, and Figure 3 compares test accuracies. CW-
GB-CNN was the most accurate model on MNIST (99.7%), Rice (99.6%), and RPS (99.1%), and GB-
DNN ranked second on each of these three datasets. On the two datasets on which all neural models
were least accurate—CIFAR-10 and Fashion-MNIST—the HOG-based voting ensemble obtained the
highest accuracy (94.1% and 94.9%), with CW-GB-CNN the best neural model (87.8% and 92.1%).
Precision, recall, and F1-score closely track accuracy for every model, differing from it by at most 0.3
percentage points (pp), which indicates that no model achieved its accuracy by favoring majority classes.
The F1 heat map in Figure 4 makes the dataset dependence of the classical models visible: XGBoost
dropped to 45.5% F1 on CIFAR-10 while reaching 88.5-97.3% on the other datasets, and the tree
ensembles fell to about 85% on MNIST, where every neural model reached at least 98.7%.

Table 5: Test Performance of All Models on the Five Datasets (Best per Dataset in Bold)

Dataset Model Accuracy | Precision Recall F1-score
CIFAR-10 XGBoost 0.458 0.456 0.458 0.455
DT (HOG) 0.904 0.906 0.904 0.903
Voting (RF+DT) | 0.941 0.943 0.941 0.941
CNN 0.843 0.846 0.843 0.842
IJFMR260590493 Volume 8, Issue 5, September-October 2026 11
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Dataset Model Accuracy | Precision Recall F1-score
CW-GB-CNN 0.878 0.880 0.878 0.878
DNN 0.842 0.844 0.842 0.841
GB-DNN 0.869 0.871 0.869 0.869
Fashion-MNIST XGBoost 0.885 0.885 0.885 0.885
DT (HOG) 0.918 0.919 0.918 0.918
Voting (RF+DT) | 0.949 0.950 0.949 0.949
CNN 0.903 0.904 0.903 0.903
CW-GB-CNN 0.921 0.922 0.921 0.921
DNN 0.896 0.897 0.896 0.896
GB-DNN 0.914 0.915 0.914 0.914
MNIST XGBoost 0.972 0.972 0.972 0.972
DT (HOG) 0.847 0.847 0.847 0.847
Voting (RF+DT) | 0.850 0.850 0.850 0.850
CNN 0.992 0.992 0.992 0.992
CW-GB-CNN 0.997 0.997 0.997 0.997
DNN 0.987 0.987 0.987 0.987
GB-DNN 0.995 0.995 0.995 0.995
Rice Image XGBoost 0.974 0.975 0.974 0.973
DT (HOG) 0.951 0.952 0.951 0.951
Voting (RF+DT) | 0.981 0.982 0.981 0.981
CNN 0.985 0.986 0.985 0.985
CW-GB-CNN 0.996 0.996 0.996 0.996
DNN 0.972 0.973 0.972 0.972
GB-DNN 0.992 0.992 0.992 0.992
RPS XGBoost 0.948 0.949 0.948 0.948
DT (HOG) 0.901 0.902 0.901 0.901
Voting (RF+DT) | 0.948 0.949 0.948 0.948
CNN 0.968 0.969 0.968 0.968
CW-GB-CNN 0.991 0.991 0.991 0.991
DNN 0.944 0.945 0.944 0.944
GB-DNN 0.984 0.985 0.984 0.984
Mean over datasets XGBoost 0.847 0.847 0.847 0.847
DT (HOG) 0.904 0.905 0.904 0.904
Voting (RF+DT) | 0.934 0.935 0.934 0.934
CNN 0.938 0.939 0.938 0.938
CW-GB-CNN 0.957 0.957 0.957 0.957
DNN 0.928 0.929 0.928 0.928
GB-DNN 0.951 0.952 0.951 0.951

IJFMR260590493

Volume 8, Issue 5, September-October 2026

12


http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

Figure 3: Test Accuracy Comparison
XGBoost MW DT(HOG) =W Voung (RF+DT) 22 CNN ®N CW.GB-CNN I DNN ®m GB-DNN

9,7 9.6 9.1
| | % % I E l
o % ‘ 1 g * 4 T

CIFAR-10 Fashion-MNIST MNIST Rice RPS

60 ~

Test accuracy (%)

S0 -

4} =

Figure 4: Weighted F1-Score Heatmap

100

CIFAR-10
90
Fashion-MNIST L)
80 2
3
MNIST =
= 70 =
S
Rice L 60 ;
RPS = 50

5.2 Effect of Gradient Boosting (RQ1)

Gradient boosting improved its non-boosted counterpart on all ten dataset—architecture pairs (Figure 5).
Absolute gains for CW-GB-CNN over CNN ranged from 0.5 pp on MNIST to 3.5 pp on CIFAR-10, and
gains for GB-DNN over DNN ranged from 0.8 pp on MNIST to 4.0 pp on RPS. Absolute differences
understate the effect on datasets that are already nearly solved, so the relative error reduction (10) is also
considered. Boosting removed 62—73% of the residual errors of the baselines on MNIST, Rice, and RPS,
and 17-22% on CIFAR-10 and Fashion-MNIST; averaged over the datasets, the error fell by 49.7% for
CW-GB-CNN and 47.8% for GB-DNN. The larger relative reductions on datasets with less intra-class
variability suggest that the additive head is most effective at correcting a small number of systematic
confusions, whereas the harder natural-image errors of CIFAR-10 are limited more by the
representational power of the shallow backbone than by the classifier head.
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Notably, GB-DNN outperformed the jointly trained CNN on all five datasets and on mean accuracy
(95.1% versus 93.8%) even though it lacks convolutional layers, underlining that the training procedure
can matter as much as the architecture at this model scale.

Figure 5: Boosting Accuracy Gains
O CNN @ CW-GB-CNN {F DNN 4l GB-DNN X Voting
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CIFAR-10 = o X
Fashion-MNIST o O @ . X
MNIST A X [)—Io.
Rice = D—E.
RPS + HIO—_.
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5.3 Statistical Ranking (RQ3)

Table 6 lists the mean ranks. CW-GB-CNN obtained the best mean rank (1.6), followed by GB-DNN
(2.8), the voting ensemble (3.3), and CNN (3.8); DT, DNN, and XGBoost occupied the last three
positions. The Friedman test rejected the hypothesis of equal performance (yr? = 15.66, df = 6, p =
0.016), as did the Iman—Davenport correction (Fr = 4.37, df = (6, 24), p = 0.004). WithN=5and k=7,
the Nemenyi critical difference is CD = 4.03. On this basis, CW-GB-CNN is significantly better than
XGBoost (rank difference 4.1), while its advantage over DNN (4.0) falls just short of the threshold. The
paired Wilcoxon tests confirm that CW-GB-CNN outperforms CNN and GB-DNN outperforms DNN (p
= 0.031 in both cases, the smallest p-value attainable with five paired observations). Hence, the ordering
of the boosted networks relative to their direct baselines is statistically supported, whereas finer
distinctions among the upper-ranked models would require more datasets to resolve.

Table 6: Mean Accuracy, Standard Deviation Across Datasets, and Mean Friedman Rank

Model Mean acc. (%) Std. (pp) Mean rank
CW-GB-CNN 95.66 5.43 1.6
GB-DNN 95.08 5.66 2.8
Voting (RF+DT) | 93.38 4.93 3.3
CNN 93.82 6.38 3.8
DT (HOG) 90.42 3.76 5.2
DNN 92.82 5.94 5.6
XGBoost 84.74 22.06 5.7
Friedman % = 15.66 (p = 0.016)

Iman-Davenport Fr = 4.37 (p = 0.004)

Nemenyi CD (« =0.05, k=7, N =5) =4.03
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5.4 Dense-Layer Width and Parameter Efficiency (RQ2)

Table 7 compares the proposed CW-GB-CNN (W = 20) with the wide-head GB-CNN-128 on CIFAR-
10, and Figure 6 decomposes their parameter budgets. Widening the dense layers from 20 to 128
neurons raised test accuracy from 87.77% to 87.86%, a gain of 0.09 pp that corresponds to a relative
error reduction of only 0.74%. Over the same change, the dense head grew from 42,030 to 280,074
parameters (6.66x), the total model from 339,022 to 577,066 parameters (1.70x), and the head's share of
the network from 12.4% to 48.5%. The marginal accuracy yield (9) is therefore 0.038 pp per 10°
additional parameters, and accuracy per 10° parameters falls from 25.9 to 15.2—a 41% loss of parameter
efficiency.

The training accuracies of 99.55% and 99.47% show that both heads fit the training set almost perfectly,
and their train—test gaps are nearly identical (11.78 pp and 11.61 pp). The additional capacity of the
wider head is thus not converted into better generalization: the two configurations are limited by the
same factor, namely the 2048-dimensional representation delivered by the backbone. This interpretation
IS consistent with the layer-wise decomposition in Figure 6(b), where the first dense layer D1 alone
accounts for 97.5% (CW-GB-CNN) and 93.6% (GB-CNN-128) of the head, so the cost of widening is
incurred almost entirely in the projection of backbone features rather than in the boosting layers.
Evaluating (7) over the range of widths and boosting rounds shows that, for narrow heads, the head size
is almost independent of M; at W = 20, adding one further round costs only 420 parameters. At W = 128,
by contrast, each round costs 16,512 parameters, and a third round would bring the head to 296,586
parameters. Narrow heads therefore make additional boosting rounds nearly free, whereas wide heads
make both width and depth expensive.

Significance of the additional parameters. The 1.70-fold increase in total parameters (6.66-fold in the
head) from CW-GB-CNN to GB-CNN-128 has no practical significance for performance: the 0.09 pp
difference corresponds to nine of the 10,000 CIFAR-10 test images, lies within typical seed-to-seed
variation (Section 6), and is not accompanied by a meaningfully smaller generalization gap. The wider
configuration is therefore not proposed; it is reported only as the conventional wide-head reference
against which the capacity-aware choice is tested. CW-GB-CNN satisfies the criterion of similar
performance at reduced parameters with respect to GB-CNN-128, achieving practically the same
accuracy with 238,044 fewer parameters, and the criterion of significant improvement with respect to its
jointly trained counterpart, which it outperforms on all five datasets (Wilcoxon p = 0.031) with an
average error reduction of 49.7% (Section 5.2).

Table 7: Proposed CW-GB-CNN (W = 20) Versus Wide-Head GB-CNN-128 on CIFAR-10:
Accuracy and Capacity

Quantity CW-GB-CNN GB-CNN-128 Change
Dense width W/ rounds M 20/3 128 /2 —
Dense-head parameters 42,030 280,074 x6.66

of which D1 40,980 (97.5%) 262,272 (93.6%) x6.40
Backbone parameters 296,992 296,992 —
Total parameters 339,022 577,066 x1.70
Head share #nead (%) 12.4 48.5 +36.1 pp
Training accuracy (%) 99.55 99.47 —0.08 pp
Test accuracy (%) 87.77 87.86 +0.09 pp
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Quantity CW-GB-CNN GB-CNN-128 Change
Train-test gap (pp) 11.78 11.61 —-0.17 pp
APK (%/10° params) 25.9 15.2 —41.2%
MAY 20128 (pp/10° params) 0.038 —

Figure 6: Dense-Head Capacity Study
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5.5 Boosted Networks Versus Feature-Based Ensembles (RQ4)

The HOG-based models exhibit markedly stronger dataset dependence than the neural models (Table 6):
the standard deviation of accuracy across datasets is 22.1 pp for XGBoost, compared with 5.4-6.4 pp for
the four neural models. The voting ensemble exceeded CW-GB-CNN by 6.3 pp on CIFAR-10 and 2.8
pp on Fashion-MNIST but trailed it by 14.7 pp on MNIST, 1.5 pp on Rice, and 4.3 pp on RPS.
Combining a random forest with a decision tree was consistently beneficial within the classical branch,
improving on the single tree on all five datasets and raising mean accuracy from 90.4% to 93.4%.
Nevertheless, the voting ensemble's reversal between MNIST and CIFAR-10—two datasets on which
neural models behave in the opposite way—indicates that the performance of HOG-based ensembles
depends strongly on how well the fixed descriptor matches the visual structure of each dataset, whereas
the learned features of the boosted networks transfer more uniformly. In terms of expected performance
on an unseen image domain, CW-GB-CNN is therefore the most reliable choice, as reflected in its best
mean accuracy and mean rank.

6. Discussion

6.1 Principal Findings

The results support three conclusions. First, gradient boosting is a consistently beneficial training
strategy for both convolutional and fully connected networks: it improved every baseline, roughly
halved the error on average, and allowed a convolution-free GB-DNN to surpass a jointly trained CNN
on every dataset. Second, the accuracy of GB-CNN is governed mainly by the backbone representation
rather than by head width. The 128-neuron head increased the parameter count by more than two
hundred thousand for less than one-tenth of a percentage point, whereas the 20-neuron head of CW-GB-
CNN delivered practically the same accuracy with a head that is only 12.4% of the model. Third, when
rank-based multi-dataset statistics are applied, the advantage of boosted networks over their direct
counterparts is significant, while the placement of the strongest models relative to one another remains
within the Nemenyi critical difference.
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6.2 Practical Design Guidelines

Equation (7) and the width study translate into concrete recommendations for practitioners. (1) Start
with a narrow additive head (W = 20); because the (d + 1)W projection dominates, width is the main cost
driver, and narrow heads keep boosting rounds inexpensive. (2) Invest the parameter budget in the
backbone or in additional boosting rounds rather than in wider dense layers, since the two heads studied
here share the same generalization gap. (3) Evaluate candidates with efficiency indicators such as MAY
and APK alongside accuracy, particularly for edge deployment where memory and latency are
constrained [40, 41]. (4) Where the backbone output is large, reducing d—for example by global average
pooling [20]—would shrink D1 directly and compound the savings of a narrow head.

6.3 Threats to Validity and Limitations

Internal validity. The two heads in the width study differ in both width and number of boosting rounds
(M = 3 versus M = 2). Equation (7) shows that the effect of M on head size is minor, but its effect on
accuracy was not isolated; a full factorial design over W and M would separate the two. Statistical
conclusion validity. Results derive from a single training run per configuration on fixed hold-out splits,
SO run-to-run variance is not reported, and the 0.09 pp width difference corresponds to nine test images
out of 10,000, which lies within typical seed-to-seed variation for CIFAR-10. With five datasets, the
Nemenyi test has limited power. Construct validity. The HOG-based ensembles and the neural models
use different input representations, so their comparison reflects complete pipelines rather than learners
alone; the unusually large dataset dependence of these ensembles, especially their strong CIFAR-10 and
weak MNIST results, warrants confirmation under repeated and cross-validated partitions. External
validity. The backbone is intentionally compact and the datasets are of small to moderate scale; whether
the width findings hold for deeper backbones or large-scale datasets remains to be verified.

7. Conclusion and Future Work

This article presented CW-GB-CNN, a capacity-aware gradient-boosted convolutional neural network,
together with a study of gradient-boosted convolutional and deep neural networks for image
classification, motivated by gaps in cross-paradigm evidence, capacity analysis, and statistical
validation. Across five heterogeneous datasets, gradient boosting improved all ten network baselines,
reduced the test error by 49.7% (CW-GB-CNN) and 47.8% (GB-DNN) on average, and made CW-GB-
CNN the best-ranked of seven classifiers, with its advantage over jointly trained counterparts confirmed
by Wilcoxon signed-rank tests. A closed-form model of the additive dense head showed that head size is
dominated by the projection from backbone features, and the CIFAR-10 width study showed that
enlarging each dense layer from 20 to 128 neurons multiplied head parameters by 6.66 for a 0.09-
percentage-point accuracy gain, reducing accuracy per parameter by 41%; consequently, CW-GB-CNN
attains similar accuracy with 1.70 times fewer total parameters than GB-CNN-128. Compact heads
should therefore be the default configuration for gradient-boosted image classifiers. A HOG-based
voting extension provided a feature-based reference against which the neural models were compared.
Future work will (1) perform a factorial study over width, boosting rounds, and shrinkage with repeated
runs and confidence intervals; (2) couple narrow boosted heads with global-average-pooled and
pretrained backbones; (3) develop adaptive schemes that select the width and stopping round of each
iteration from validation residuals; (4) extend the benchmark to larger datasets and corrupted-image
robustness benchmarks such as MNIST-C [50]; and (5) profile latency and memory of the trained
models on edge hardware.

IJFMR260590493 Volume 8, Issue 5, September-October 2026 17



http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com
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All datasets used in this study are publicly available from their original sources [43, 44, 45, 46, 47]. The
analysis scripts used to compute the statistics and generate the figures are provided with this manuscript.
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